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About the Cover

The cover envisions continuum soft robotic manipulators — modeled
after invertebrates such as octopus tentacles — operating in human-
centric environments (e.g., selling tulips at the zaterdagmarkt) and
assisting people with activities of daily living (e.g., hair brushing
and toothbrushing) while ensuring safety via their inherent compli-
ance. Controlling these systems is challenging due to their effectively
infinite degrees of freedom and distributed actuation; therefore, this
thesis focuses on dynamical models that predict the robot’s future
motion and shape, as symbolized by the translucent silhouettes.
We target control-friendly dynamics with explicit physical struc-
ture—such as control-affine Euler—Lagrange equations—hence the
portrait of Joseph-Louis Lagrange. Our approach combines physics-
based and data-driven methods, incorporating priors such as damped
harmonic oscillators (represented by spring—damper elements) into
modern neural networks (illustrated by the neuron motif in the back-
ground), ultimately enabling precise and efficient control through
closed-form energy-shaping feedforward terms.






SAFE YET PRECISE SOFT ROBOTS

INCORPORATING PHYSICS INTO LEARNED MODELS FOR CONTROL

Dissertation

for the purpose of obtaining the degree of Doctor
at Delft University of Technology,
by the authority of the Rector Magnificus, Prof. dr. ir. TH.J.J. van der Hagen,
Chair of the Board of Doctorates,
to be defended publicly on
Monday, 15 September 2025 at 17:30 o’clock

by

Maximilian STOLZLE

Master of Science ETH in Mechanical Engineering,
Swiss Federal Institute of Technology, Switzerland,
born in Géppingen, Germany.



This dissertation has been approved by the promotors.

Composition of the doctoral committee:

Rector Magnificus, Delft University of Technology, Chairperson

Prof. Dr. R. Babuska, Delft University of Technology, Promotor

Dr. C. Della Santina, Delft University of Technology, Copromotor
Independent Members:

Jun. Prof. Dr. G. Rizzello, Saarland University, Germany

Dr. M. Bicher, Disney Research, Switzerland

Prof. Dr. Ir. T. A. E. Oomen, Eindhoven University of Technology, Netherlands
Prof. Dr. G. C. H. E. de Croon, Delft University of Technology, Netherlands

Prof. Dr. G. Zardini, Massachusetts Institute of Technology, USA

Prof. Dr. Ir. M. Wisse, Delft University of Technology, Reserve member

(; Dot I N B Massachusetts
TUDelft % I Beiies
‘Semm - - th
EMeERGCE Cultuurionds

This research was partially funded by the European Union’s Horizon Europe Program
from Project EMERGE - Grant Agreement No. 101070918 and by the Dutch Cultuurfonds
Wetenschapsbeurzen 2024. The research visit to LIDS/Zardini Lab at MIT was supported
by the Rudge (1948) and Nancy Allen Chair. A significant part of the research appearing in
this thesis was developed in collaboration with Prof. Dr. Daniela Rus and Prof. Dr. Gioele
Zardini from the Massachusetts Institute of Technology, USA.

Published and distributed by: Maximilian Sté6lzle. E-mail: maximilian@stoelzle.ch

Keywords: Soft Robotics, Nonlinear Control, Machine Learning, Al

Printed by: Ridderprint | www . ridderprint.nl

Cover: Maximilian Stolzle (Concept) & Joey Impoza Roberts (Realization)
Style: TU Delft House Style, with modifications by Moritz Beller

All rights reserved. No part of the material protected by this copyright notice may be
reproduced or utilized in any form or by any means, electronic or mechanical, including
photocopying, recording, or by any information storage and retrieval system, without the
written permission of the author.

ISBN/EAN: 978-94-6384-836-7
DOI: 10.4233/uuid:24c1f667-8fd6-431a-bb78-11d22f8cb3da

An electronic version of this dissertation is available at
http://repository.tudelft.nl/.


mailto:maximilian@stoelzle.ch
www.ridderprint.nl
https://doi.org/10.4233/uuid:24c1f667-8fd6-431a-bb78-11d22f8cb3da
http://repository.tudelft.nl/

If you can model it, you can control it.

W. Morrow and G. Strickland!

https://edu.nl/udujn


https://edu.nl/u4ujn




CONTENTS

Summary

Samenvatting

Zusammenfassung

1

3

Introduction

1.1 Motivation. . . . . . . . . ..
1.2 Research Questions . . . . . . . . .. .. ... ... ... ...,
1.3 Thesis Contributions. . . . . . . . . . . . ... ... ...
14 ThesisOutline . . . . . . . . . . . ...

Background on Modeling and Control of Soft Robots

2.1 Kinematics: From Planar Constant Strain to Geometric Variable Strain. . .
2.2 Euler-Lagrangian Dynamics . . . . . . . . .. .. .. ... ... ....
2.3 Model-Based Control. . . . . . .. .. ... L L L

Towards Quantifying the Safety of Soft Robots

3.1 Introduction . . . . . . . ... L Lo
3.2 Towards Quantifying the Safety of Soft Robots. . . . . . . .. ... ...
3.3 A Metric for Quantifying the Safety of Soft Robots. . . . . . . . . .. ..
34 Conclusion. . . . . . ... L

I Shape Sensing and Control with Advanced Physics-Based Models

4

5

Shape Sensing with Cameras: An Investigation on Kinematics-Aware
SLAM

41 Introduction . . . . . . . ... Lo
4.2 Proposed Methodology: Shape Estimation with Kinematics-Aware SLAM .
43 Simulations . . . . ...
44 Experiments . . . . . .. ... Lo
45 Conclusion. . . . . . . ...

Modeling of Handed Shearing Auxetics (HSA) Robots

51 Introduction . . . . . . .. .. Lo
5.2 Dynamic Simulation of HSARobots . . . . . . . . ... ... ... ...
5.3 A Kinematic Model for HSARods . . . . . . . ... ... .. ... ...
5.4 Kinematic and Dynamic Modeling of Planar HSA Robots . . . . . . . . .
55 Conclusion. . . . . . ... oL

25
26
31
37

55
57
58
64
75

79

81
82
83
86
91
94



vi

CONTENTS

6

8

Model-Based Control of Handed Shearing Auxetics (HSA) Robots

6.1 Introduction . . . . . . . . . . ..

6.2 Configuration Space Regulation . . . . . . ... ... ... ... ....
6.3 Cartesian Space Impedance Control . . . . . . . ... ... ... ....
6.4 Conclusion. . . . . . . .. L Lo

Guiding Soft Robots with Motor-Imagery Brain Signals

7.1 Introduction . . . . . . .. .. L
7.2 Methodology. . . . . . . . .
73 Experiments . . . . . . ... L. L
74 Resultsand Discussion. . . . . . . . ... ... .. oL
75 Conclusion. . . . . .. L oL

Backstepping Control of Pneumatic Piston-Driven Soft Robots

81 Imtroduction . . . . . . . . ...
82 DynamicModel . . . . . ... ..o
8.3 Backstepping Control . . . . . . . .. ..o
8.4 Shape Regulation under PCC Approximation. . . . . . . . . . ... ...
8.5 Simulations . . . . . . .. Lo
8.6 Conclusion. . . . . . .. ... L

II Incorporating Physical Structure and Stability Guarantees Into Learned
Models and Controllers

9

10

11

Exploiting Learned Magnetic Fields and Kinematic Models for Shape
Sensing

9.1 Introduction . . . . . . .. ..
9.2 Proposed Methodology: Proprioception with Magnetic Sensors . . . . . .
9.3 Piecewise Constant Curvature Simulations. . . . . . . . .. ... . ...
9.4 Affine Curvature Simulations . . . . . . . .. . ... ... ... ...
9.5 Experiments . . . . . . . ... L L
9.6 Conclusion. . . . . . . .. L L

Learning Low-Dimensional Strain Models Based on Shape Evolution

10.1 Introduction . . . . . . . ...
10.2 Preliminaries. . . . . . . . . .. .. L L L Lo
10.3 Methodology. . . . . . . . . ...
10.4 Validation . . . . . . . . ... e
10.5 Conclusion. . . . . . . . ..

Learning Latent Dynamics with ISS Coupled Oscillator Networks

11.1 Introduction . . . . . . . . ...
11.2 Input-to-State Stable (ISS) Coupled Oscillator Networks (CONs) . . . . . .
11.3 An Approximate Closed-Form Solution to the CON Dynamics . . . . . . .
11.4 Learning Control-Oriented Latent Dynamics from Pixels. . . . . . . . . .
11.5 Exploiting the Dynamic Structure for Latent Space Control . . . . . . . .
11.6 Conclusion and Limitations . . . . . . . . . ... ... ... ... ...



CONTENTS

vii

12 Learning Stable Periodic Robot Motions from Demonstration
12.1 Introduction . . . . . . . . ... Lo
12.2 Methodology. . . . . . . . . L
12.3 Experimentsand Results . . . . . . . . . .. ... ... L.
12.4 Discussion . . . . . . . .. ... e
125 Conclusion. . . . . . . . . ...

III Conclusion & Outlook

13 Conclusions & Future Work
13.1 Conclusions . . . . . . . . . . e
13.2 Future Work . . . . . . . . .

IV Appendices and Supplementary Material

A Safe yet Effective Soft Robots via Holistic Co-Design
Al Introduction . . . . . ... ...
A.2 The Past and Present Soft Robot Design Process . . . . . . .. .. .. ..
A.3 The Future: A Framework for Holistic Co-Design of Soft Robots . . . . . .
A4 Reduced-Order Design Parametrizations . . . . . . . . .. .. ... ...
A.5 Probabilistic Co-Design Metrics: Formalizing the Refinement vs. Realiza-
tionTrade-Off . . . . . . . . ... ... oL
A6 Co-Design of Physical Intelligence . . . . . . . . ... ... ... ....
A.7 Exploiting Safety vs. Performance Trade-off via Multi-Objective Optimiza-
ton . . . . . . .
A.8 Conclusion and Open Challenges . . . . . . .. ... ... ... ....

B Supplementary Material to Chapter 11 - Coupled Oscillator Networks
B.1 Appendix on Experimental Setup. . . . . . .. .. ...
B.2 Appendix on Learning Latent Dynamics . . . . . . . . .. ... ... ..
B.3 Appendix on Latent Space Control . . . . . . . . .. ... ... ... ..

C Software Libraries & Lab Infrastructure
C.1 Motion Capture System . . . . . . . . . . ... Lo
C.2 Pneumatic Pressure Regulator . . . . . . . .. .. .. ... .. .....
C.3 Pneumatic Soft Robot Arm. . . . . . . . ... ...
C.4 AnImplementation of Soft Robot Modelsin JAX. . . . . . .. ... ...
C.5 ROS2Ecosystem for HSARobots. . . . . . . . .. ... ... ... ...

References
Abbreviations
Acknowledgments
Curriculum Vitae

List of Publications

259
261
266
273
300
302

305

307
308
312

319

321
323
327
329
335

337
340

341
341

343
344
349
355

359
360
361
362
363
365

369
421
423
427
433






ix

SUMMARY

As we increasingly strive to integrate robots into human-centric environments, safety
is a top priority. Traditionally, rigid collaborative robots have relied on safety-aware
computational control policies, which are susceptible to perception errors and often lead
to overly cautious behavior that limits performance. In contrast, soft robotics offers a
promising alternative by ensuring passive compliance throughout the robot’s structure via
material softness. This mechanical compliance inherently mitigates safety issues arising
from perception or control errors, although this has been paid for with a substantial drop
in precision. In recent years, significant advances have been seen in soft robotics, with
exciting new developments in design, smart materials, actuators, sensors, models, and
control strategies. However, the modeling and control of continuum soft robots continue
to pose major challenges due to their infinite degrees of freedom, complex nonlinear
dynamics, and time-dependent behaviors like hysteresis. As a result, soft robots often lack
the necessary capability and motion precision, leading to a tradeoff where performance
is sacrificed for safety. With this thesis, we argue that this tradeoff can be overcome by
developing more advanced algorithms that can reason on the physics of the soft robot. More
specifically, we propose combining powerful learned models with efficient and effective
model-based control approaches that allow for interpretability into the actions and admit
stability guarantees.

Currently, two main approaches exist for controlling soft robots. The first employs
model-based control using approximated physics-based models derived from first principles.
The second directly learns control policies, primarily through reinforcement learning. Both
strategies face notable limitations. Existing model-based controllers are unable to fully
manage and eventually exploit the dynamics of soft robots because their underlying
models inadequately capture complex behaviors, particularly how actuation and external
interactions affect the robot’s deformation. Moreover, deriving these models requires
extensive expert knowledge. Additionally, the combined complexity and uncertainty
of the dynamics between a soft robot and its environment make it currently infeasible
to develop comprehensive world models from first principles alone, thereby motivating
the integration of machine learning approaches that can effectively leverage data-driven
insights. Conversely, directly learning the controller — such as via reinforcement learning
— lacks interpretability and stability guarantees while being highly sample inefficient, a
significant drawback given the time-dependent material properties and limited lifespan of
current soft robots.

In this thesis, we contend that combining learned models with model-based controllers
presents a promising alternative that brings together the advantages of both approaches:
expressive, data-driven models that require less expert knowledge paired with controllers
that are both interpretable and provably stable. Although recent years have seen increased
interest in leveraging learned models for control, most work in this area depends on com-
putationally intensive optimal control methods, such as MPC, to optimize the actuation
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sequence with the learned model. However, the high computational cost of solving these
optimal control problems limits the maximum control frequency during deployment, pre-
venting us from fully exploiting the dynamic capabilities of soft robots. Instead, this thesis
pursues closed-form controllers that utilize the physical structure of learned models within
an energy-shaping framework. The main challenge here is to develop approaches that
integrate such physical structures—specifically, kinetic and potential energy terms—into
the learning of dynamical models for soft robots. Before addressing this main challenge, we
first had to advance physics-based models derived from first principles and identify novel
techniques to leverage them for control. On one hand, this clarified which physical priors
were available for learning, while on the other hand, it inspired new ways to integrate
model-based controllers with learned models. The thesis addresses this topic through
several interconnected key contributions.

First, we argue that quantifying the safety of soft robots is crucial for designing and
controlling them to ensure that the closed-loop system meets the specific safety require-
ments of their intended applications. To this end, we present the first safety metric for
continuum soft robots, which assesses the safety of an integrated soft robot design by
accounting for both its embodied and computational intelligence.

Secondly, this thesis enhances shape sensing for soft robots by leveraging insights
from kinematic models. We accomplish this by formulating and solving nonlinear opti-
mization problems that align sensor measurements with the backbone shapes predicted
by the kinematic model. We present two distinct approaches that integrate commercial
sensors—namely, visual and magnetic—with SLAM algorithms and a learned sensor mea-
surement model, respectively, to accurately estimate the soft robot’s state, a key requirement
for effective feedback control.

Thirdly, this thesis introduces advanced physics-based actuation models, including
those for robots actuated by auxetic metamaterials - referred to as HSA robots—and models
that capture the actuation dynamics of piston-driven pneumatic soft robots. We then lever-
age the acquired model insights to design provably stable nonlinear controllers—specifically,
an integral-saturated PID combined with potential shaping and Cartesian-space impedance
control for planar HSA robots, as well as a backstepping controller for pneumatic piston-
driven soft robots. This contribution deepens our understanding of actuation, a critical
aspect of soft robot behavior, and demonstrates how such insights can be incorporated into
model-based control strategies. Moreover, experiments with HSA robots have highlighted
the limitations of purely physics-based models in capturing complex phenomena like
hysteresis, thereby motivating the exploration of learning-based approaches. In the future,
the developed actuation models can serve as valuable physical priors for learned models.

Fourthly, the thesis presents techniques for learning soft robot models that incorporate
physical structures while ensuring stability. We accomplish this by embedding physics-
based dynamical models into the learning algorithm, which determines the free parameters
of the dynamics and optionally optimizes a coordinate transformation—such as encoding
into latent space. Two notable approaches are introduced: (1) an algorithm that extracts
low-dimensional soft robot strain models from samples of the robot backbone’s shape
evolution, and (2) a network of coupled harmonic oscillators for learning latent dynamics
from high-dimensional observations like images. The explicit inclusion of kinematic and
potential energy terms in these models allows for stability analysis using standard nonlinear
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system theory tools, such as Lyapunov methods. For instance, we prove that the coupled
oscillator network is both globally asymptotically stable and input-to-state stable.

Fifthly, we exploit the physical structure of the learned models from contribution four
to design closed-form setpoint regulators. The controller contains two key components:
(1) a potential shaping feedforward term that positions the local/global minimum of the
closed-loop potential energy at the setpoint by leveraging the learned model knowledge,
and (2) an integral-saturated PID feedback term that rejects disturbances and compensates
for modeling errors to prevent steady-state errors. The stability of the closed-loop system
can then be analyzed using Lyapunov arguments.

Finally, the thesis explores methods for generating compliant motion behaviors in soft
robots beyond low-level control. One approach focuses on assisting users, particularly
elderly individuals, with activities of daily living by guiding the low-level controller with
brain signals. This is achieved by combining motor imagery classification from wearable
EEG devices with compliant impedance control in operational space. The second approach
combines an orbitally stable dynamical system in latent space with a bijective neural
network parametrized encoder to learn periodic motions from demonstrations. By avoiding
reliance on time references, this learned motion policy enables natural and compliant
tracking of demonstrated periodic motions. This contribution ensures that not just the
robot structure and low-level controller are compliant, but also the high-level motion
strategy.

In summary, this thesis aims to work towards safe and precise soft robot behavior in
human-centric environments. In this context, safety is achieved through the soft body’s
mechanical compliance. To enhance precision while maintaining insight into decision-
making, ensuring stability, and preserving computational efficiency, the core contribution
of this work is the development of closed-form soft robot controller architectures and
their connection to learned models. Several supporting contributions include a metric for
quantifying the safety of soft robots, strategies for integrating kinematic models into shape
sensing methods, advanced physics-based actuation models that could serve as future
priors for learned models, and moving beyond low-level controllers by devising compliant
motion strategies. All proposed models, sensing methods, control strategies, and motion
approaches have been thoroughly verified through simulation or real-world testing on
soft robots. The code and data from most chapters have been made publicly available on
GitHub, thereby contributing to the broader research community.
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SAMENVATTING

Aangezien we er in toenemende mate naar streven robots te integreren in omgevingen die
op mensen gericht zijn, staat veiligheid voorop. Doorgaans baseren rigide collaboratieve
robots zich op veiligheidsbewuste computationele regelalgorithmen, die gevoelig zijn voor
waarnemingsfouten en vaak leiden tot een te voorzichtige werking die de prestaties beperkt.
Zachte flexibele robotica (Soft Robotic) daarentegen biedt een veelbelovend alternatief door
passieve compliantie in de gehele robotstructuur te waarborgen via materiaaleigenschap-
pen. Deze mechanische compliantie beperkt inherent veiligheidsproblemen die voortkomen
uit fouten in waarneming of regeling, al gaat dit ten koste van een aanzienlijke daling in
precisie. In de afgelopen jaren zijn grote vooruitgangen geboekt in de zachte robotica, met
veelbelovend nieuwe ontwikkelingen in ontwerp, slimme materialen, actuatoren, sensoren,
modellen en regelstrategieén. Het modelleren en regelen van continutimzachte robots
brengt echter grote uitdagingen met zich mee vanwege hun oneindige vrijheidsgraden,
complexe niet-lineaire dynamica en tijdsafhankelijke verschijnselen zoals hysterese. Daar-
door missen zachte robots vaak de benodigde capaciteit en bewegingsprecisie, wat leidt tot
een compromis waarbij prestaties worden opgeofferd voor veiligheid. Met dit proefschrift
stellen wij dat dit compromis kan worden overwonnen door geavanceerdere algoritmen te
ontwikkelen die de fysica van de zachte robot in acht nemen. Meer specifiek stellen wij
voor om krachtige geleerde modellen te combineren met efficiénte en effectieve model-
gebaseerde regelmethoden die inzicht in de handelingen bieden en stabiliteitsgaranties
toelaten.

Momenteel bestaan er twee primaire strategie voor het regelen van zachte robots. De
eerste maakt gebruik van modelgebaseerde regeling met benaderde fysische modellen die
zijn afgeleid uit eerste principes. De tweede leert regeltechnieken rechtstreeks, voorna-
melijk via reinforcement learning. Beide strategieén kennen aanzienlijke beperkingen.
Bestaande modelgebaseerde regelaars zijn niet in staat de dynamica van zachte robots volle-
dig te beheersen en uiteindelijk te benutten, omdat hun onderliggende modellen complexe
gedragingen — met name hoe actuatie en externe interacties de vervorming van de robot
beinvloeden — ontoereikend vastleggen. Bovendien vergt het afleiden van deze modellen
uitgebreide expertise. Daarnaast maken de gecombineerde complexiteit en onzekerheid
van de dynamica tussen een zachte robot en haar omgeving het momenteel onhaalbaar
om louter vanuit eerste principes volledige wereldmodellen te ontwikkelen, wat de in-
tegratie motiveert van machine-learning-methodes die datagedreven inzichten effectief
kunnen benutten. Daarentegen biedt het rechtstreeks leren van de regelstrategie, bijvoor-
beeld via reinforcement learning, geen interpretatie en stabiliteitsgaranties en gaat het
gepaard met een hoge monsterinefficiéntie, wat problematisch is door de tijdsafhankelijke
materiaaleigenschappen en beperkte levensduur van huidige zachte robots.

In dit proefschrift betogen wij dat het combineren van geleerde modellen met mo-
delgebaseerde regelaars een veelbelovend alternatief vormt dat de voordelen van beide
strategien samenbrengt: expressieve, datagedreven modellen die minder expertkennis
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vereisen, gekoppeld aan regelaars die zowel interpreteerbaar als aantoonbaar stabiel zijn.
Hoewel de laatste jaren toenemende interesse is ontstaan in het benutten van geleerde mo-
dellen voor de regeltechniek, is het merendeel van dit werk afhankelijk van computationeel
intensieve optimale-regelmethoden, zoals MPC, om de actuatiesequentie te optimaliseren
met behulp van het geleerde model. De hoge rekenkosten van het oplossen van deze
optimale-regelproblemen beperken echter de maximale regelfrequentie tijdens inzet, waar-
door we de dynamische mogelijkheden van zachte robots niet volledig kunnen benutten.
Dit proefschrift richt zich daarom op closed-form-regelaars die de fysische structuur van
geleerde modellen benutten binnen een energy-shaping-raamwerk. De belangrijkste uitda-
ging hierbij is het ontwikkelen van methoden die dergelijke fysische structuren — specifiek
kinetische en potentiéle energie-termen — integreren in het leren van dynamische modellen
voor zachte robots.

Voordat we deze uitdaging aanpakten, moesten we eerst fysica-gebaseerde modellen
afleiden uit eerste principes en nieuwe technieken identificeren om ze voor regeling te
benutten. Enerzijds maakte dit duidelijk welke fysische voorkennis beschikbaar waren
voor het leren, terwijl het anderzijds nieuwe manieren inspireerde om modelgebaseerde
regelaars met geleerde modellen te integreren. Het proefschrift behandelt dit onderwerp
via verschillende onderling verbonden kernbijdragen.

Ten eerste stellen wij dat het kwantificeren van de veiligheid van zachte robots essentieel
is voor het ontwerpen en regelen ervan, zodat het gesloten-lus regelsysteem voldoet aan de
specifieke veiligheidseisen van de beoogde toepassingen. Daartoe presenteren wij de eerste
veiligheidsmaatstaf voor continutimzachte robots, die de veiligheid van een geintegreerd
ontwerp van een zachte robot beoordeelt door zowel de belichaamde als de computationele
intelligentie in rekening te brengen.

Ten tweede verbetert dit proefschrift vormwaarneming voor zachte robots door in-
zichten uit kinematische modellen te benutten. Dit bereiken we door niet-lineaire opti-
malisatieproblemen te formuleren en op te lossen die sensormetingen uitlijnen met de
ruggraadvormen die door het kinematische model worden voorspeld. We presenteren
twee verschillende benaderingen die commerciéle visuele en magnetische sensoren te
integretren met integreren met respectievelijk SLAM-algoritmen en een geleerd sensor-
meetmodel om de toestand van de zachte robot nauwkeurig te schatten, een sleutelfactor
voor doeltreffende feedbackregeling.

Ten derde introduceert dit proefschrift geavanceerde fysica-gebaseerde actuatiemo-
dellen, waaronder modellen voor robots die worden aangedreven door auxetische me-
tamaterialen — aangeduid als HSA-robots — en modellen die de actuatiedynamica van
zuiger-gedreven pneumatische zachte robots vastleggen. Vervolgens benutten we de ver-
kregen modelinzichten om aantoonbaar stabiele niet-lineaire regelaars te ontwerpen —
met name een integraal-gesatureerde PID gecombineerd met potentiaalvormende en impe-
dantieregeling in Cartesiaanse ruimte voor planaire HSA-robots, alsook een backstepping-
regelaar voor pneumatische zuiger-gedreven zachte robots. Deze bijdrage verdiept ons
begrip van actuatie, een cruciaal aspect van het gedrag van zachte robots, en toont aan
hoe dergelijke inzichten kunnen worden geintegreerd in modelgebaseerde regelstrategieén.
Bovendien hebben experimenten met HSA-robots de beperkingen blootgelegd van puur
fysica-gebaseerde modellen bij het vastleggen van complexe fenomenen zoals hysterese,
waarmee de noodzaak van op leren gebaseerd benaderingen wordt onderstreept. In de toe-
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komst kunnen de ontwikkelde actuatiemodellen dienen als waardevolle fysische voorkennis
voor geleerde modellen.

Ten vierde presenteert het proefschrift technieken voor het leren van modellen van
zachte robots die fysische structuren integreren en tegelijk stabiliteit waarborgen. Dit rea-
liseren we door fysica-gebaseerde dynamische modellen op te nemen in het leeralgorithme,
dat de vrije parameters van de dynamica bepaalt en optioneel een codrdinatentransformatie
— zoals een latente-ruimte-encodering — optimaliseert. Twee noemenswaardige benaderin-
gen worden geintroduceerd: (1) een algoritme dat laagdimensionale vervormingsmodellen
van zachte robots afleidt uit voorbeelden van de vorm-evolutie van de ruggengraat van
de robot, en (2) een netwerk van gekoppelde harmonische oscillatoren voor het leren van
latente dynamica uit hoogdimensionale observaties zoals beelden. De expliciete opname
van kinematische en potentiéle-energie-termen in deze modellen maakt stabiliteitsana-
lyse mogelijk met tools uit de niet-lineare systeemtheorie, zoals Lyapunov-methoden.
Zo bewijzen wij bijvoorbeeld dat het netwerk van gekoppelde oscillatoren zowel globaal
asymptotisch stabiel als input-to-state-stabiel is.

Ten vijfde benutten wij de fysische structuur van de geleerde modellen uit bijdrage vier
om closed-form-setpoint-regelaars te ontwerpen. De regelaar bevat twee kernelementen:
(1) een potentiaalvormende-feedforwardterm die het lokale of globale minimum van de
gesloten-lus-potentiéle energie op het setpoint plaatst door de kennis uit het geleerde
model te benutten, en (2) een integraal-gesatureerde PID-feedbackterm die verstoringen
onderdrukt en modelleringsfouten compenseert om stationaire fouten te voorkomen. De
stabiliteit van het gesloten-lus regelsysteem kan vervolgens met Lyapunov-argumenten
worden geanalyseerd.

Ten slotte verkent het proefschrift methoden om conform methode in zachte robots te
genereren, voorbij de laag-niveau-regeling. Eén bewegingen richt zich op het ondersteu-
nen van gebruikers, met name ouderen, bij activiteiten van het dagelijks leven door de
laag-niveau-regelaar te sturen met hersensignalen. Dit wordt bereikt door motor-beeld-
classificatie van draagbare EEG-apparaten te combineren met compliant impedantieregeling
in de operationele ruimte. De tweede methode combineert een orbitale-stabiel dynamisch
systeem in latente ruimte met een bijectieve neurale-netwerk-geparametriseerde encoder
om periodieke bewegingen uit demonstraties te leren. Doordat het bewegingsbeleid geen
gebruikmaakt van tijdreferenties, kan het op een natuurlijke en meegevende manier pe-
riodieke gedemonstreerde bewegingen volgen. Deze bijdrage waarborgt dat niet alleen
de robotstructuur en de laag-niveau-regelaar compliant zijn, maar ook de hoog-niveau-
bewegingsstrategie.

Samengevat beoogt dit proefschrift bij te dragen aan veilig en nauwkeurig gedrag van
zachte robots in mensgerichte omgevingen. Veiligheid wordt bereikt via de mechanische
compliantie van het zachte lichaam. Om de precisie te verbeteren terwijl inzicht in be-
sluitvorming, stabiliteit en computationele efficiéntie behouden blijven, is de kernbijdrage
van dit werk de ontwikkeling van closed-form-regelarchitecturen voor zachte robots en
hun koppeling aan geleerde modellen. Verscheidene ondersteunende bijdragen omvat-
ten een maatstaf voor het kwantificeren van de veiligheid van zachte robots, strategieén
voor het integreren van kinematische modellen in vormwaarnemingsmethoden, geavan-
ceerde fysica-gebaseerde actuatiemodellen die als toekomstige voorkennis voor geleerde
modellen kunnen dienen, en het overstijgen van laag-niveau-regelaars door compliant
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bewegingsstrategieén te ontwikkelen. Alle voorgestelde modellen, waarnemingsmetho-
den, regelstrategieén en bewegingsbenaderingen zijn grondig gevalideerd via simulaties
of experimenten in de echte wereld op zachte robots. De code en data van de meeste
hoofdstukken zijn publiekelijk beschikbaar gesteld op GitHub en dragen zo bij aan de
bredere onderzoeksgemeenschap.



xvii

ZUSAMMENFASSUNG

Da wir zunehmend bestrebt sind, Roboter in menschenzentrierte Umgebungen zu inte-
grieren, hat Sicherheit hochste Prioritat. Traditionell haben starre kollaborative Roboter
auf sicherheitsbewusste, rechnergestiitzte Regelstrategien zuriickgegriffen, die anfillig
fiir Wahrnehmungsfehler sind und héufig zu tibervorsichtigem Verhalten fithren, das die
Leistung begrenzt. Im Gegensatz dazu bietet die weiche Robotik (Soft Robotic) eine vielver-
sprechende Alternative, indem sie durch Materialweichheit eine passive Nachgiebigkeit im
gesamten Roboteraufbau sicherstellt. Diese mechanische Nachgiebigkeit mindert Sicher-
heitsprobleme, die aus Wahrnehmungs- oder Regelungsfehlern resultieren, geht jedoch
mit einem erheblichen Prizisionsverlust einher. In den letzten Jahren wurden in der wei-
chen Robotik bedeutende Fortschritte erzielt, mit interessanten neuen Entwicklungen in
Design, intelligenten Materialien, Aktoren, Sensoren, Modellen und Regelungsstrategien.
Dennoch stellen die Modellierung und Regelung von kontinuierlichen weichen Robotern
nach wie vor grofie Herausforderungen dar, da sie unendlich viele Freiheitsgrade, komplexe
nichtlineare Dynamiken und zeitabhingige Verhaltensweisen wie Hysterese aufweisen.
Folglich mangelt es weichen Robotern haufig an der erforderlichen Leistungsfihigkeit und
Bewegungsprizision, was zu einem Kompromiss fithrt, bei dem Leistung der Sicherheit
geopfert wird. In dieser Arbeit argumentieren wir, dass dieser Kompromiss iiberwunden
werden kann, indem fortschrittlichere Algorithmen entwickelt werden, die auf der Physik
des weichen Roboters basieren. Genauer gesagt schlagen wir vor, leistungsstarke, gelernte
Modelle mit effizienten und effektiven modellbasierten Regelungsansatzen zu kombinieren,
die Interpretierbarkeit des Handelns ermdglichen und Stabilitatsgarantien zulassen.

Derzeit existieren zwei Hauptansitze zur Regelung weicher Roboter. Der erste verwen-
det modellbasierte Regelungen, die auf approximierten, physikbasierten Modellen beruhen,
die aus ersten Prinzipien abgeleitet sind. Der zweite Ansatz erlernt Steuerungsrichtlinien
direkt, iberwiegend mittels Reinforcement Learning. Beide Strategien weisen erhebliche
Einschriankungen auf. Bestehende modellbasierte Regler konnen die Dynamik weicher Ro-
boter nicht vollstandig beherrschen und schliefflich ausnutzen, da ihre zugrunde liegenden
Modelle komplexe Verhaltensweisen, insbesondere wie Aktuierung und externe Interaktio-
nen die Verformung des Roboters beeinflussen, unzureichend erfassen. Dariiber hinaus
erfordert die Ableitung dieser Modelle umfangreiches Expertenwissen. Ferner machen die
kombinierte Komplexitat und Unsicherheit der Dynamik zwischen einem weichen Roboter
und seiner Umgebung es derzeit unméglich, umfassende Weltmodelle ausschliefSlich aus
ersten Prinzipien zu entwickeln, was die Integration von Machine-Learning-Ansétzen
motiviert, die datengetriebene Erkenntnisse effektiv nutzen konnen. Umgekehrt mangelt
es beim direkten Erlernen des Reglers — etwa durch Reinforcement Learning — an Interpre-
tierbarkeit und Stabilititsgarantien, wahrend es zudem hochgradig sample-ineffizient ist,
ein signifikanter Nachteil angesichts der zeitabhingigen Materialeigenschaften und der
begrenzten Lebensdauer heutiger weicher Roboter.
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In dieser Arbeit vertreten wir die Auffassung, dass die Kombination gelernter Model-
le mit modellbasierten Reglern eine vielversprechende Alternative darstellt, welche die
Vorteile beider Ansatze vereint: ausdrucksstarke, datengetriebene Modelle, die weniger
Expertenwissen erfordern, gepaart mit Reglern, die sowohl interpretierbar als auch nach-
weislich stabil sind. Obwohl in den letzten Jahren das Interesse gewachsen ist, gelernte
Modelle fiir die Regelung zu nutzen, basiert der Grofteil der Arbeiten in diesem Bereich
auf rechenintensiven optimalen Regelungsmethoden wie MPC, um mit dem gelernten
Modell die Antriebssequenz zu optimieren. Die hohen Rechenkosten bei der Losung dieser
Optimalsteuerungsprobleme begrenzen jedoch die maximale Regelungsfrequenz wihrend
des Einsatzes und verhindern so die volle Ausschépfung der dynamischen Fahigkeiten wei-
cher Roboter. Stattdessen verfolgt diese Arbeit geschlossene Regler in geschlossener Form,
die die physikalische Struktur gelernter Modelle ausnutzen um deren Energieprofil durch
Regelung zu verformen. Die Hauptschwierigkeit besteht darin, Ansétze zu entwickeln, die
solche physikalischen Strukturen — insbesondere kinetische und potenzielle Energieanteile
- in das Erlernen dynamischer Modelle fiir weiche Roboter integrieren.

Bevor wir uns dieser Hauptaufgabe widmeten, mussten wir zunéchst physikbasierte
Modelle aus ersten Prinzipien weiterentwickeln und neue Techniken identifizieren, um
sie fiir die Regelung zu nutzen. Einerseits wurde dadurch geklart, welche physikalischen
Priors fiir das Lernen verfiigbar sind, andererseits inspirierte es neue Wege, modellbasierte
Regler mit gelernten Modellen zu integrieren. Die Arbeit behandelt dieses Thema durch
mehrere miteinander verbundene Hauptbeitrige.

Erstens argumentieren wir, dass die Quantifizierung der Sicherheit weicher Roboter
entscheidend ist, um sie so zu entwerfen und zu regeln, dass das geschlossene System
die spezifischen Sicherheitsanforderungen seiner vorgesehenen Anwendungen erfiillt. Zu
diesem Zweck prasentieren wir die erste Sicherheitsmetrik fiir kontinuierliche weiche
Roboter, die die Sicherheit eines integrierten weichen Roboters bewertet, indem sie sowohl
seine verkorperte als auch seine rechnerische Intelligenz berticksichtigt.

Zweitens verbessert diese Arbeit die Formwahrnehmung (Shape Sensing) fiir weiche
Roboter, indem Erkenntnisse aus kinematischen Modellen genutzt werden. Dies erreichen
wir, indem wir nichtlineare Optimierungsprobleme formulieren und 16sen, die Sensor-
messungen mit den durch das kinematische Modell vorhergesagten Riickgratsformen
abgleichen. Wir présentieren zwei unterschiedliche Ansétze, die kommerzielle Sensoren
- namlich visuelle und magnetische — mit SLAM-Algorithmen bzw. mit einem gelernten
Sensor-Messmodell kombinieren, um den Zustand des weichen Roboters genau zu schatzen,
eine wichtige Voraussetzung fiir eine effektive Regelung mit Riickkopplung.

Drittens fiithrt diese Arbeit fortschrittliche physikbasierte Aktuierungsmodelle ein, dar-
unter solche fiir Roboter, die durch auxetische Metamaterialien — sogenannte HSA-Roboter
- angetrieben werden, sowie Modelle, die die Antriebsdynamik von kolbengesteuerten
pneumatischen weichen Robotern erfassen. Anschlieflend nutzen wir die gewonnenen
Modellkenntnisse, um nachweislich stabile nichtlineare Regler zu entwerfen — konkret
einen integralgesattigten PID-Regler kombiniert mit Umformung der potentiellen Ener-
gie und Impedanzregelung im kartesischen Raum fiir planare HSA-Roboter sowie einen
Backstepping-Regler fiir pneumatische, kolbengesteuerte weiche Roboter. Dieser Beitrag
vertieft unser Verstindnis des Antriebs, eines entscheidenden Aspekts des Verhaltens
weicher Roboter, und zeigt, wie solche Erkenntnisse in modellbasierte Regelungsstrategi-
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en eingebunden werden kénnen. Daritiber hinaus haben Experimente mit HSA-Robotern
die Grenzen rein physikbasierter Modelle bei der Erfassung komplexer Phanomene wie
Hysterese aufgezeigt und motivieren so die Erforschung lernbasierter Ansétze. Zukiinf-
tig konnen die entwickelten Antriebsmodelle als wertvolle physikalische Vorwissen fiir
gelernte Modelle dienen.

Viertens stellt die Arbeit Techniken zum Erlernen von Modellen weicher Roboter vor,
die physikalische Strukturen integrieren und gleichzeitig Stabilitit gewahrleisten. Dies
erreichen wir, indem wir physikbasierte dynamische Modelle in den Lernalgorithmus
einbetten, der die freien Parameter der Dynamik bestimmt und optional eine Koordi-
natentransformation — etwa eine Kodierung in einen latenten Raum — optimiert. Zwei
hervorzuhebende Ansétze werden vorgestellt: (1) ein Algorithmus, der aus Stichproben der
Entwicklung der Riickgratform des Roboters niedrigdimensionale Deformationsmodelle
extrahiert, und (2) ein Netzwerk gekoppelter harmonischer Oszillatoren zum Erlernen
latenter Dynamik aus hochdimensionalen Beobachtungen wie Bildern. Die explizite Einbe-
ziehung von kinematischen und potenziellen Energieanteilen in diese Modelle erméglicht
eine Stabilitdtsanalyse mit Standardwerkzeugen der nichtlinearen Systemtheorie, wie z.
B. Lyapunov-Methoden. So beweisen wir beispielsweise, dass das Netzwerk gekoppelter
Ostzillatoren sowohl global asymptotisch stabil als auch Eingangs-Zustands (Input-to-State)
stabil ist.

Fiinftens nutzen wir die physikalische Struktur der aus Beitrag vier gelernten Modelle,
um Regler in geschlossener Form fiir Sollwertregelung zu entwerfen. Der Regler enthélt
zwei zentrale Komponenten: (1) einem Vorwartsregelung-Teil basierend auf Umformung
der potenziellen Energie, der das lokale/globale Minimum der geschlossenen Potenzia-
lenergie mithilfe des gelernten Modellwissens am Sollwert positioniert, und (2) einen
integralgesattigten PID-Feedback-Term, der Stérungen unterdriickt und Modellierungs-
fehler kompensiert, um stationire Fehler zu vermeiden. Die Stabilitit des geschlossenen
Systems kann anschlieffend mithilfe von Lyapunov-Argumenten analysiert werden.

Schliellich untersucht die Arbeit Methoden zur Erzeugung nachgiebiger Bewegungsver-
halten in weichen Robotern tiber die Regelung auf niedriger Ebene (Low Level) hinaus. Ein
Ansatz konzentriert sich darauf, Benutzer, insbesondere édltere Menschen, bei alltaglichen
Aktivititen zu unterstiitzen, indem der Low-Level-Regler durch Gehirnsignale gesteuert
wird. Dies wird erreicht, indem die Klassifizierung der Bewegungsimagination von tragba-
ren EEG-Geréten mit einer nachgiebigen Impedanzregelung im Arbeitsraum kombiniert
wird. Der zweite Ansatz verbindet ein orbital stabiles dynamisches System im latenten
Raum mit einem bijektiven, durch ein neuronales Netzwerk parametrisierten Encoder, um
periodische Bewegungen aus Demonstrationen zu erlernen. Durch den Verzicht auf Zeitre-
ferenzen ermoglicht diese gelernte Bewegungsstrategie eine natiirliche und nachgiebige
Verfolgung der demonstrierten periodischen Bewegungen. Dieser Beitrag stellt sicher, dass
nicht nur der Roboteraufbau und der Low-Level-Regler nachgiebig sind, sondern auch die
Bewegungsstrategie auf hoher Ebene (High-Level).

Zusammenfassend zielt diese Arbeit darauf ab, sicheres und prazises Verhalten wei-
cher Roboter in menschenzentrierten Umgebungen zu erméglichen. In diesem Kontext
wird Sicherheit durch die mechanische Nachgiebigkeit des weichen Korpers erreicht. Um
die Prazision zu erhéhen und gleichzeitig Einblick in die Entscheidungsfindung zu be-
halten, Stabilitét sicherzustellen und die Rechenaufwinde gering zu halten, besteht der
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Kernbeitrag dieser Arbeit in der Entwicklung von Reglerarchitekturen in geschlossener
Form fiir weiche Roboter und ihrer Verkniipfung mit gelernten Modellen. Mehrere un-
terstiitzende Beitrage umfassen eine Metrik zur Quantifizierung der Sicherheit weicher
Roboter, Strategien zur Integration kinematischer Modelle in Formwahrnehmungsmetho-
den, fortschrittliche physikbasierte Aktuierungsmodelle, die als zukiinftiges Vorwissen
fiir gelernte Modelle dienen konnen, sowie das Uberschreiten von Low-Level-Reglern
durch die Entwicklung nachgiebiger Bewegungsstrategien. Alle vorgeschlagenen Modelle,
Sensormethoden, Regelungsstrategien und Bewegungsansitze wurden umfassend durch
Simulation oder reale Tests an weichen Robotern verifiziert. Der Code und die Daten aus
den meisten Kapiteln wurden auf GitHub 6ffentlich zuginglich gemacht und tragen so zur
breiteren Forschungsgemeinschaft bei.



INTRODUCTION

This chapter situates the dissertation within the broader societal context, addressing the
challenges of integrating robotics into human-centered environments and assisting with
daily living activities. First, we explain how soft robots, with their inherent safety, can help
overcome these challenges despite current performance limitations—particularly regarding
precision. Next, we argue that employing modern machine learning methods, with their
significant expressiveness, could enable the development of far more accurate dynamic models
of the complex behaviors exhibited by soft robots. To maintain transparency in decision-
making, ensure stability guarantees, and preserve computational efficiency in the controller,
our approach integrates physical structure into the learned models for use in closed-form
model-based controllers. We then present the research questions this thesis aims to tackle,
along with the corresponding contributions. Finally, we outline the structure of the thesis,
connecting each chapter to the relevant topics, contributions, and the strength of physical
priors within the employed models.
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1.1 MOTIVATION

ver the past few decades, the domain of robotics has made remarkable strides, lead-
O ing to the widespread adoption of high-performance, precise, and powerful rigid
robots (Todd, 1996). While these systems have traditionally excelled in manufacturing
environments with repetitive tasks—such as assembly lines—they are increasingly finding
use in applications that require more autonomy, including warehouse logistics and auto-
mated inspections. Yet, in addressing contemporary societal needs, there is a heightened
demand for robots specifically crafted for human-centered settings, e.g., homes and public
spaces (Chibani et al., 2013; He et al., 2021; Nahavandi, 2019; Royakkers and Van Est,
2015). Fully realizing the potential of such robots calls for integrating inherent compli-
ance, enabling safe interaction with humans in dynamic, unconstrained, and unpredictable
contexts. This requirement aligns with Asimov’s First Law (Asimov, 1941) — robots must
never harm humans, making safety a paramount consideration in both their design and
deployment (Villani et al., 2018).

Existing approaches to ensuring safety largely depend on computational intelligence (Ahn
et al., 2024; Sermanet et al., 2025), employing advanced control strategies, e.g., safety
filters (Ames et al., 2016) and impedance controllers (Khatib, 1987), real-time collision
detection (Haddadin et al., 2017), and predefined safety zones (Zhao et al., 2024b). These
methods leverage sophisticated sensing, algorithms, and extensive pre-programming to
predict and mitigate potential hazards (Fragapane et al., 2021). For instance, collision
detection improves safety by stopping or slowing the robot upon contact. Although this
measure helps reduce the risk of serious injury, it is inherently reactive and cannot entirely
eliminate harm. Moreover, any sensor malfunction or failure in the perception or decision-
making pipeline undermines safety guarantees. Hardware-based solutions have also been
developed to enhance safety. For example, collaborative robots (cobots) (El Zaatari et al.,
2019), which are designed for safe human-robot interaction, typically incorporate series
elastic actuators to isolate actuator dynamics from the robot’s links (Pratt and Williamson,
1995) and minimize link inertia (Albu-Schaffer et al., 2007). Still, their rigid structures
pose considerable risks to nearby individuals (Haddadin, 2013). To address these dangers,
standards such as ISO/TS 15066:2016 (Standard, 2016) mandate that cobots move slowly
enough to stop before colliding with a person, thereby constraining performance and
effectiveness (Ajoudani et al., 2018; Lucci et al., 2020). Ultimately, current safety measures
place heavy demands on perception systems and substantially reduce the efficiency and
capabilities of robots and cobots in human-centered environments.

Soft robotics reimagines safety from the ground up by embedding it into the robot’s
fundamental mechanical design. Rather than treating safety as an add-on or relying solely
on computational layers, soft robots incorporate safety through the choice of materials
and structural configurations (Laschi et al., 2016; Rus and Tolley, 2015). Their inherent
compliance facilitates safe interactions with humans' and makes them ideal for safety-
critical settings like personal assistance, caregiving, and handling delicate items (Abidi
and Cianchetti, 2017; Yumbla et al., 2021). Recent advances in the field have been substan-

To the best of our knowledge, the inherent safety of soft robots has not yet been rigorously quantified, exper-
imentally analyzed, or validated in literature—for instance, through controlled user studies or by comparing
them to (collaborative) rigid manipulators. In Chapter 3, we introduce a safety metric as a first step toward
quantifying the (added) safety of soft robots.
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Figure 1.1: Topics covered in this thesis: leveraging learned models for the control of soft robots.

tial (Yasa et al., 2023), with innovations in soft robot designs (Guan et al., 2023; Hawkes
et al., 2017; Katzschmann et al., 2018; Laschi et al., 2012; Tolley et al., 2014), smart materi-
als (Mazzolai et al., 2022; Terryn et al., 2017), actuators (Aubin et al., 2022; Gravert et al.,
2024; Lipton et al., 2018; Shepherd et al., 2013; Vasios et al., 2020; Wehner et al., 2016), sen-
sors (Larson et al., 2016; Thuruthel et al., 2019; Truby et al., 2020), modeling methods (Boyer
et al.,, 2020; Renda et al., 2020, 2018), and control techniques (Della Santina et al., 2020c;
Jitosho et al., 2023; Pustina et al., 2024a; Thuruthel et al., 2018b). Despite this progress and
the potential to transform human-robot interaction (Jergensen et al., 2022), widespread
practical adoption of soft robots remains a challenge (Hawkes et al., 2021). In particular,
many soft robots still struggle with imprecise, often oscillatory motion (Hawkes et al., 2017;
Majidi, 2014; Mazzolai et al., 2022). This is largely because modeling (Armanini et al., 2023)
and controlling (Della Santina et al., 2023) continuum soft robots from first principles is
inherently difficult; they exhibit infinite degrees of freedom, complex nonlinear dynamics,
and time-dependent phenomena such as hysteresis (Armanini et al., 2023), and might make
extensive large-area multi-point contact with the environment. In summary, our findings
indicate that current soft robots lack sufficient capability—particularly in precision—and,
much like safety-aware controllers for rigid robots that enforce cautious, slow motions,
we are again sacrificing performance for safety. Therefore, we see a pressing need for
novel motor control strategies for soft robots that combine the inherent compliance and




4 1 INTRODUCTION
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Figure 1.2: Existing Approach: Model-Based Control with Physical Models. Expert knowledge is required to
derive kinematic and dynamic models for soft robots from first principles (Armanini et al., 2017). The dynamics can
often be expressed in a control-oriented Euler-Lagrangian framework. This model knowledge is then integrated
into closed-form controllers that combine an error-based feedback term (e.g., a PID-like controller) with a model-
based term (e.g., an energy-shaping feedforward) to track a given reference (Caasenbrood and Nijmeijer, 2021;
Della Santina et al., 2023, 2020c). Finally, the control input must be translated into an actuation that exerts forces
and torques on the continuum soft robot in a closed loop.

At present, two main approaches can be distinguished for controlling the complex
behavior of soft robots (Della Santina et al., 2023; Thuruthel et al., 2018a). The first (1),
visualized in Fig. 1.2, relies on fully physics-based models (Armanini et al., 2023), for example
using strain models (Alessi et al., 2024a), and typically involves nonlinear feedback, e.g.,
PD+ (Della Santina et al., 2020c), or error-based feedback+feedforward, e.g., PID+energy-
shaping (Caasenbrood et al., 2023; Della Santina et al., 2023; Soleti et al., 2025), control
schemes. The second (2) approach, visualized in Fig. 1.3, is to learn the controller directly
in a model-free fashion (George Thuruthel et al., 2017), for example, through model-free
RL (Alessi et al., 2024b; Jitosho et al., 2023; Morimoto et al., 2021) or ILC (Hofer et al., 2019;
Pierallini et al., 2023). However, both of these strategies exhibit significant drawbacks.

Developing fully physics-based models, as used in (1), demands substantial expert
knowledge (Stella and Hughes, 2023) and often hinges on strong simplifying assump-
tions, such as the continuum soft robot being slender, i.e., the backbone radius is much
smaller relative to its length (Cosserat, 1909), allowing for a low-dimensional kinematic
parametrization (Armanini et al.,, 2023), preserving a constant backbone cross-section (Gaz-
zola et al., 2018), and assuming isotropic Hookean materials without time-dependent effects
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Figure 1.3: Existing Approach: Direct Controller Learning. Directly learning the controller via Reinforcement
Learning (RL) (Alessi et al., 2024b; Jitosho et al., 2023; Morimoto et al., 2021) or Iterative Learning Control
(ILC) (Hofer et al., 2019; Pierallini et al., 2023) by interacting with the soft robotic system and optimizing the
control policy based on reward/loss/error signals.

like hysteresis. These assumptions fail to capture the intricate physics of many soft robots,
undermining control performance. Furthermore, accurately modeling from physics using
only first principles the joint dynamics of a soft robot that interacts intensively with the
environment—whether by collaborating with humans, making extensive large-area multi-
point contact with its surroundings, or predicting the environment dynamic evaluation
in the spirit of world models (Ha and Schmidhuber, 2018)—appears currently infeasible,
thereby motivating the need for learning-based solutions. Discussing approach (2): Model-
free RL, meanwhile, tends to be sample inefficient and does not guarantee stability, whereas
ILC can only be used for learning repetitive trajectories (Bristow et al., 2006). The sam-
ple inefficiency is particularly problematic for soft robots since their material properties
change over time—rendering previously learned controllers less effective—and their limited
lifespans (Yasa et al., 2023) risk the robot being damaged or failing altogether before a
controller learned through RL is fully trained. The lack of insight into the decision-making
process and the lack of stability guarantees can cause safety issues, particularly when
operating in close proximity to humans.

To overcome the limitations of approaches (1) and (2), research in recent years has
combined the strengths of ML and model-based control by first learning a model—often
using a Neural Network (NN)—and then exploiting it for control (Alora et al., 2023a,b; Bruder
et al., 2024, 2020; Chen et al., 2024; Gillespie et al., 2018; Thuruthel et al., 2018b). However,
this enhanced model expressiveness through ML techniques comes at the expense of
computational efficiency, as closed-form controllers are typically unavailable, and one must
rely on optimal control/optimization-based strategies (see Fig. 1.4). For example, learning
linear dynamical models—such as those based on a Koopman approach (Bruder et al.,
2024, 2020) often proves unstable, suffers from the trade-off between model dimensionality
and expressiveness, and cannot accurately represent non-linearizable systems (Cenedese
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Figure 1.4: Emerging Approach: Optimal Control with Learned Models. First, the dynamic model is learned
via Machine Learning (ML) approaches (Alora et al., 2023a,b; Chen et al., 2024; Gillespie et al., 2018; Kasaei et al.,
2023; Liu et al., 2024a; Marques Monteiro et al., 2024; Xie et al., 2023), and subsequently, the control input is
devised via optimal control techniques, such as Linear-Quadratic Regulator (LQR) (Bruder et al., 2024, 2020) or
Model Predictive Control (MPC) (Alora et al., 2023a,b; Gillespie et al., 2018; Hewing et al., 2020), by iteratively
predicting the evolution of the closed-loop system for a given control input sequence over a horizon H and using
the error/loss between the predicted and desired behavior to optimize the control input.

et al., 2022). On the other hand, using nonlinear functions (notably Deep Neural Networks
(DNN), including Multilayer Perceptrons (MLPs), Recurrent Neural Networks (RNNs) (Sun
et al., 2022; Thuruthel et al., 2018b), Long Short-Term Memorys (LSTMs) (Xie et al., 2023),
or Neural ODEs (NODEs) (Kasaei et al., 2023) provides more expressive models but requires
computationally heavy control techniques such as optimal control with MPC (Alora et al.,
2023a,b; Aswani et al., 2013; Gillespie et al., 2018; Hewing et al., 2020; Kabzan et al., 2019) or
Control Barrier Functions (CBFs) (Taylor et al., 2020), or model-based RL (Thuruthel et al.,
2018b) as they typically lack a clear physical structure that would allow, for example, for
energy shaping-based or feedback-linearization control (Khalil, 2002) and that would permit
stability analyses of both the open-loop and closed-loop system by conventional means,
such as Lyapunov arguments (Khalil, 2002). The high computational demand associated
with MPC limits the maximum control frequency achievable in practice, thereby restricting
the effective control of highly dynamic behaviors.

In this thesis, we seek to circumvent the aforementioned shortcomings by integrating
learned models with closed-form control, as visualized in Fig. 1.1. By embedding learned
models within established closed-form model-based control strategies, such as nonlinear
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feedback (Della Santina et al., 2020c) or error-based feedback+energy shaping (Caasenbrood
et al., 2023; Della Santina et al., 2023), as visualized in Fig. 1.5, we benefit from both
paradigms: learned models demand less specialized expertise while capturing more complex
dynamical behaviors, and the closed-form model-based controller remains computationally
very efficient. However, to apply such approaches, it is necessary to inspect the kinetic and
potential energies of the learned model—something that existing popular ML architectures
like RNNs, MLPs, or NODEs generally do not allow. Consequently, it becomes clear that the
learned models must exhibit a physical structure in order to employ common closed-form
model-based control schemes and to secure closed-loop stability via Lyapunov arguments.

Recent advances in this direction include the emerging literature on Lagrangian Neural
Networks (LNNs) (Cranmer et al., 2020; Liu et al., 2024a; Lutter et al., 2019) and Hamiltonian
Neural Networks (HNNs) (Greydanus et al., 2019; Liu et al., 2024a), both of which explicitly
learn the system’s kinetic and potential energies. Nevertheless, these approaches still
present substantial challenges: deriving the Equation of Motion (EOM) necessitates real-
time higher-order derivatives, which is computationally demanding—particularly during
training, but also at inference—and escalates (GPU) memory usage (Lutter et al., 2019).
Moreover, without careful implementation, they do not offer formal stability guarantees,
and the computation of higher-order derivatives can cause numerical stiffness or instabil-
ity (Greydanus et al., 2019) unless managed through precise auto-differentiation (Rumelhart
et al., 1986) or meticulous hyperparameter tuning. Finally, there is a clear need for learned
models with additional inductive bias tailored to the specific dynamics of soft robots.

In conclusion, this thesis addresses the central challenge of achieving closed-form
control of soft robots while maintaining accurate and safe operation. The key research goal
is to advance our understanding of the physical structure of soft robots and incorporate
it into learned models, thereby enabling the use of effective closed-form controllers and
allowing for stability verification via Lyapunov-based methods. In the following section,
we will pose the principal research question directly connecting to this identified challenge.
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Figure 1.5: Core Contribution of this Thesis. The primary contribution of this thesis is the integration
of learned models with closed-form controllers. To enable this, we learn dynamical models with a physical
structure that allows us to derive the system’s potential and kinetic energy. Beyond the specific dynamical
model structure, the learning process follows a well-established approach in the literature: we predict the future
evolution of the soft robotic system, compare these predictions with actual motion data, and use the resulting
prediction error to optimize the free parameters of the learned model. On the control side, we modify the
closed-loop system’s potential energy by incorporating a feedforward term that steers the system toward a
designated reference (Della Santina et al., 2023). This potential shaping feedforward is complemented by an
integral-saturated PID feedback term, known as P-satl-D (Pustina et al., 2022a), which rejects disturbances and
compensates for modeling errors. Finally, the control input is translated into an actuation signal, where this
mapping may also be learned. This insight into the potential and kinetic energy permits an analysis of the stability
and convergence properties of both open-loop and closed-loop systems using Lyapunov arguments (Khalil, 2002).
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1.2 RESEARCH QUESTIONS
In this section, we lay out the research questions that guided the research conducted as
part of this thesis. The principal Research Question (RQ) that we pose in this thesis is

Principal Research Question

How can we leverage learned models that integrate physical structure to efficiently
control soft robots, ensuring both precise and safe behavior?

This principal RQ investigates how we can develop (dynamical) models for soft robots
with a physical structure that enables the use of closed-form error-based feedback+model-
based feedforward control strategies, thereby addressing the research gap identified in
Sec. 1.1. To make answering this principal RQ more tractable, we break it down into several
key RQs, which we list below.

Research Question 1. How do we quantify safety in soft robotics?

As highlighted in Sec.1.1, a key driver of soft robotics is the belief that their passive
compliance enhances or guarantees safety, a critical factor for deploying soft robots in
human-centric environments (Mengaldo et al., 2022; Rus and Tolley, 2015). While some
studies link material softness to safety using simplified models, such as the Timoshenko
beam (Abidi and Cianchetti, 2017), the safety of soft robots has yet to be: a) quantified
using a safety metric, and b) compared quantitatively to rigid robots. To justify continued
investment in soft robotics research, we argue that the field must begin quantifying the
safety benefits of soft robots. Alternatively, framing the issue differently, quantifying
safety would allow us to certify that soft robots meet the safety requirements for specific
human-centric applications.

The principal RQ mandates that we ensure both precise and safe behavior. While
precision can be measured relatively easily (e.g., by assessing the distance to a reference),
quantifying safety is considerably more challenging—and this research question is designed
to tackle that issue.

Research Question 2. How can we enhance the robustness and effectiveness of shape sensing
for soft robots by leveraging prior (kinematic) knowledge?

Perceiving its own state (proprioception) and the state of the environment (exterioception)
are two fundamental tasks for any autonomous robot (Thuruthel et al., 2019). Despite its
importance, perception algorithms for soft robots have been relatively less investigated.

In this thesis, we specifically focus on proprioception, as accurate information about its
own shape is vital for any feedback control strategy. In most soft robot control schemes,
measuring the configuration space, which is commonly an approximation of the robot’s
backbone shape, is essential, regardless of the chosen kinematic parametrization. Unlike
rigid manipulators, where joint encoders suffice to estimate the robot’s state, shape sensing
in soft robots introduces unique challenges. Two major factors are (a) the theoretically
infinite number of degrees of freedom that would need to be measured and (b) the need to
avoid compromising the robot’s inherent softness by integrating stiff sensors or electronics.
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Although the field has made considerable progress in developing new proprioception and
shape-sensing methods for soft robots, interpreting sensor readings and mapping them
to configuration variables remains a significant hurdle. Notably, existing approaches to
proprioception only rarely (Stella et al., 2023b) incorporate prior knowledge, such as a
kinematic model, which could make these algorithms more robust and performant. For
these reasons, Chapters 4 & 9 investigate how to employ kinematic priors as an inductive
bias in shape-sensing algorithms.

Research Question 3. An aspect of the physical priors that needed a closer look: Which
advanced actuation models are necessary for exploiting the dynamic behavior of soft robots,
and how can they be utilized for control?

Over the past decade, soft robotics has seen remarkable advances in both modeling (Ar-
manini et al., 2023) and control (Della Santina et al., 2023). Much of this research has
focused on creating expressive yet low-dimensional models (kinematic and dynamic) that
accurately capture a soft robot’s backbone shape, as such models are central to improving
the performance of model-based controllers. In many cases, actuation is introduced into
these models via actuation-affine terms in the EOM, typically through a configuration-
dependent or constant actuation matrix (Della Santina et al., 2023). We argue, however,
that this design decision is too restrictive and that more advanced actuation models are
required to fully harness the high dynamic capabilities of soft robots. Indeed, the actuators
in soft robots—be they tendon-driven, pneumatically powered, or otherwise—often span
large parts of the robot’s body or reside in its base, indirectly applying forces and torques
that affect multiple Degrees of Freedoms (DOFs). This is fundamentally different from rigid
robots, where actuators commonly drive joints directly. Moreover, explicitly modeling the
actuator dynamics can reduce response time and improve transient performance. Conse-
quently, in Chapters 5 & 8, we introduce more accurate physics-based actuation models
for soft robots, illustrating the concept with both complex auxetic metamaterial-based
and pneumatic piston-driven actuators. We also explore how these advanced models can
be applied in model-based control schemes, from operational space control (Chapter 6)
to backstepping control (Chapter 8). Through this work, we highlight the limitations of
purely physics-based approaches in fully capturing a soft robot’s dynamic behavior, as well
as the extensive domain expertise required to design such models—thereby motivating
the study of more expressive, neural network-based alternatives. Additionally, these ad-
vanced physics-based models can later serve as an inductive bias when learning data-driven
models.

Research Question 4. Which physical structure should learned models exhibit to allow for
provably-stable closed-form model-based control?

To address this question, we propose learning soft robot models in a data-driven
fashion. This approach can increase both expressiveness and accuracy while reducing
the amount of expert knowledge needed when deriving models from first principles.
Various machine learning techniques already exist for this purpose (Armanini et al., 2023;
Chen et al., 2024; Kim et al., 2021), including neural networks (Thuruthel et al., 2017)
(e.g., MLPs, RNNs (Schifke et al., 2024), NODEs (Chen et al., 2018; Kidger, 2021)) and
Gaussian Process (GP)-based methods (Sabelhaus and Majidi, 2021). Yet most of these
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models lack a (physical) structure, preventing us from applying efficient closed-form model-
based control methods or from conducting a formal stability analysis of the closed-loop
system. As a result, approaches such as MPC (Alora et al., 2023b; Gillespie et al., 2018;
Schifke et al., 2024), optimal control, or RL (Thuruthel et al., 2018b) are often necessary
for exploiting the learned models for control, coming with the cost of computational
overhead, limiting the maximum control frequencies. Recent research has taken steps
toward incorporating physical structure into learned models. For example, Koopman
operator theory learns linearized dynamics, permitting LQR-based control (Bruder et al.,
2020), and LNNs/HNNs (Lutter et al., 2019) learn a system’s energy function for use in
control or stability analysis. However, more specialized priors are still needed to reflect
the unique dynamics of soft robots. Accordingly, in Chapters 10 & 11, we examine how
to learn models with embedded physical structures that enable closed-form model-based
control strategies, such as energy-shaping feedforward control augmented by error-based
feedback terms. This endeavor directly supports the principal RQ of this thesis.

Research Question 5. How can we generate compliant and precise motion behaviors for
soft robots?

A compliant structure, by virtue of the robot’s soft materials, together with a compliant
low-level controller, e.g., impedance control, does not inherently guarantee safe or compli-
ant motion in human-centric settings. High-level motion policies that provide references
to the low-level controller may still introduce unstable, unnatural, or unsafe motions.
Furthermore, developing motion policies specifically suited to soft robots is, on the whole,
an underexplored field. To address this, Chapters 7 & 12 introduce methods aimed at
producing references that promote compliant, natural, stable, and safe motion. Specifically,
Chapter 7 investigates Brain-Machine Interfaces (BMls), and Chapter 12 examines learning
motion policies from demonstration to supply setpoints to the low-level controller. This
work contributes to the principal RQ by fostering a safe, holistic approach—beyond mere
low-level control—to operating soft robots.

1.3 THESIS CONTRIBUTIONS

In the following, we will detail the key contributions made by this dissertation. We start
with the core contribution, which addresses the principal RQ.

Core Contribution

Safe and Precise Soft Robots via Closed-form Control with Learned Models

In this thesis, we introduce two approaches for learning kinematic and dynamic mod-
els of soft robots that incorporate a physical structure (discussed in more detail under
Contribution IV). Because these learned models encode well-defined kinetic and potential
energy terms, we can leverage established error-based feedback+energy-shaping control
strategies originally designed for rigid manipulators (Kelly, 1995, 1998; Kelly and Carelli,
1996; Sciavicco and Siciliano, 2012). Specifically, we combine a potential-shaping feedfor-
ward term (Della Santina et al., 2023) with an integral-saturated PID (Pustina et al., 2022a)
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for feedback. This setup allows us to utilize the learned model within the feedforward
component while still handling disturbances and compensating for modeling inaccuracies
via the feedback term. Moreover, instead of relying on computationally expensive methods
such as RL or MPC, which are often necessary for learned models, our controller provides a
closed-form solution. This makes it possible to analyze the characteristics of the closed-loop
system and formally prove stability using Lyapunov arguments (Khalil, 2002), as already
demonstrated for the open-loop case (Stolzle and Della Santina, 2024). These stability
guarantees—supported by the interpretability of the learned model—constitute an initial
step toward safe control. To further promote and quantify safety, we i) propose a safety
metric that evaluates potential injury severity from the closed-loop system dynamics and
specifically establishes bounds on the proportional feedback gains to ensure safety require-
ments and ii) develop stable high-level strategies to generate compliant motion behaviors
by providing references/setpoints to the low-level controller. Experimental verification of
the contributions is an important aspect of this thesis, and we present some of the (soft)
robot embodiments used in Fig. 1.6.

This core contribution is enabled by multiple key contributions, which we detail in the
following.

Contribution I. A First Quantitative Safety Metric for Soft Robots

To address RQ 1, we introduce the first quantitative safety metric for soft robots in
Chapter 3. We begin by examining possible uses of such a metric in design, control, and
certification. From there, we define a set of requirements that the metric should ideally
satisfy to be suitable for these applications. Building on the existing, standardized criterion
for collaborative robots (Standard, 2016)—which uses maximum contact pressure during a
collision with a human as a proxy for injury severity—we develop a metric that considers
the distinctive features of soft robots, including their continuous deformability, elasticity,
and the potential for contact along the entire robot body. The proposed safety metric has
two variants: the Soft Robot Injury Severity Criterions (SRISCs) models injury severity for
a given contact geometry, robot configuration, and velocity, while the Soft Robot Design
Hazardousness Criterions (SRDHCs) assesses how safe a soft robotic design is under certain
operating conditions (e.g., maximum velocity and actuation torques).

This contribution outlines a pathway for quantifying, optimizing, ensuring through
control, and ultimately certifying the safety of soft robots—a central objective of this thesis.
Moreover, it highlights the significant impact controllers have on the safety of the closed-
loop system, an aspect often overlooked in soft robotics. Consequently, it guides us toward
designing compliant controllers that maintain safety, for instance, by eliminating integral
terms and minimizing feedback gains, while instead relying on effective feedforward
strategies based on an accurate dynamic model of soft robots.

Contribution II. Leveraging Kinematic Models for Soft Robot Shape Sensing

This contribution, which addresses RQ 2, improves the robustness and accuracy of
shape sensing in soft robots by harnessing existing kinematic model knowledge. We achieve
this by solving nonlinear optimization problems that align sensor measurements with the
backbone shapes predicted by the kinematic model. Enhanced state estimation is critical
for deploying feedback controllers, thus directly supporting the thesis’s core contribution.
Below, we outline two distinct approaches.
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Figure 1.6: Soft robot prototypes were used for experimental validation of the methods proposed in this thesis.
Panel (A): A three-segment pneumatic continuum soft robot made of silicon with three air cavities per segment.
The picture is taken from Katzschmann et al. (2019). Panel (B): A tendon-driven continuum soft robot consisting
of five segments based on a helicoid structure, coined Helix Robot (Guan et al., 2023). Panel (C): An Handed
Shearing Auxetic (HSA) soft robot based on 3D-printed auxetic metamaterials driven by four servo motors (Lipton
et al., 2018; Truby et al.,, 2021). Panel (D): A hybrid soft-rigid turtle robot combining a rigid body with limbs
consisting of three servos and a rigid-soft flipper.

The first method presented in Chapter 4 combines monocular cameras embedded into
the soft robot surveilling the environment with visual SLAM (vSLAM) and a projection onto
the kinematic model. Specifically, the vSLAM algorithm estimates multiple poses along the
soft robot’s backbone based on the camera images. We then solve an optimization problem
that projects these pose measurements onto the kinematic model, producing configuration
estimates. This strategy mitigates estimation drift and preserves consistency between pose
estimates and the kinematic model. We verify the algorithm both in simulation and on a
real soft segment equipped with a low-cost Raspberry Pi camera. Its success stems from
blending four well-established elements: (1) low-cost monocular cameras, (2) vSLAM, (3)
the Piecewise Constant Curvature (PCC) (Webster III and Jones, 2010) kinematic model, and
(4) Levenberg-Marquardt optimization (Levenberg, 1944; Marquardt, 1963). Future work
could further boost performance simply by, for example, using more advanced vSLAM
methods or more expressive kinematic parametrizations such as Geometric Variable Strain
(GVS) (Renda et al., 2020).

The second method, included in Chapter 9, centers on shape proprioception with
magnetic sensors. We embed multiple magnets and magnetic sensors in the robot, which
yields complex 3D magnetic fields that are not sufficiently modeled by purely physics-
based approaches. Consequently, we combine modern ML techniques with a physics-based
kinematic model rather than learning the entire sensor-to-configuration mapping in an
end-to-end fashion. Specifically, the kinematic model represents the backbone shape
and parameterizes the spatial relationship between each sensor and magnet using just a
few variables. We then train a neural network to predict sensor readings based on these
parameters. During inference, we solve an optimization problem via gradient descent that
matches the actual sensor outputs to the model’s predictions, thereby recovering the robot’s
shape. This approach illustrates how incorporating a known kinematic model reduces the
size of the black-box that needs to be learned in a data-driven approach.

Contribution III. Soft Robot Control with Advanced Physics-Based Actuation Models

We address RQ 3 by deriving advanced actuation models from first principles and then
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embedding them in model-based controllers. Two case studies guide our work: HSA robots
and pneumatic piston-driven soft robots. These advanced actuation models feed into the
thesis’s core contribution by informing us about the available physical priors for learning
models.

HSA Robots. HSAs robot (Chin et al., 2018; Lipton et al., 2018) typically feature several
HSA rods arranged in parallel and joined at the tip. Applying torsional torque at the
base (e.g., via a servo motor) twists the rods, which in turn elongates and/or bends the
robot through the rod’s auxetic metamaterial. This complex actuation mechanism can
also induce twisting along the robot’s length, a rare deformation for soft robots. Despite
ongoing research into new designs (Good et al., 2025, 2022), fabrication processes (Truby
et al., 2021), and proprioception (Zhang et al., 2022a), accurate models (Garg et al., 2022) and
control methods are lacking. In Chapters 5 and 6, we propose and experimentally validate
various models and controllers for HSA robots. Specifically, Chapter 5 introduces a suite
of kinematic, dynamic, and actuation models. First, we develop the Selective Piecewise
Constant Strain (SPCS) model to parameterize the 3D shape of HSA rods minimally by
fusing the Constant Strain (CS) and Piecewise Constant Strain (PCS) approaches (Renda
et al., 2018). Next, we derive an actuation model that captures how the rod’s stiffness
and rest length vary with twist angle, allowing us to integrate this phenomenon into
existing Discretized Cosserat Rod Model (DCM)-based simulators. We then implement
our findings in a PyElastica (Naughton et al., 2021) extension, enabling 3D simulations
of HSA robots. For planar HSA robots, we detail a simpler kinematic model based on CS,
culminating in a closed-form inverse kinematics solution. Finally, we present a dynamic
model in Euler-Lagrange form suitable for planar HSA manipulators. Chapter 6 leverages
these models to develop two control schemes. The first is a configuration-space P-satl-D
plus potential-shaping regulator, integrating an integral-saturated PID controller (Pustina
et al,, 2022a) with force compensation at the setpoint to guide the end-effector to a desired
location in task space. In the future, a strategy that renders a complex, underactuated,
and non-affine control term more amenable to control may also prove valuable when
developing closed-form controllers based on learned models—for instance, if the latent
space exceeds the dimension of the actuation space. The second is an operational space
impedance controller that cancels the soft robot’s inherent dynamics and uses a Cartesian
PD feedback term to shape the desired stiffness field. Key challenges include mapping
generalized torques into the underactuated control input, linearizing actuation terms, and
solving the static inversion problem (Della Santina, 2025).

Pneumatic Actuation Dynamics & Backstepping Control. Pneumatic actuators are
popular in soft robotics for their quick response and distributed force generation (Marchese
et al., 2015; Zaidi et al., 2021), with some variants employing fluidic pistons (Malas et al.,
2024; Marchese et al., 2014; Marchese and Rus, 2016; Parlikar et al., 2024). Such piston-driven
actuation has at least two advantages: (1) the robot’s deformation is directly related to the
piston position, and (2) they are closed fluid systems allowing easy use of the ideal gas
law (Marchese and Rus, 2016). However, relatively little work has been done on modeling
these systems (Marchese et al., 2014; Xavier et al., 2020), and existing controllers often
adopt a cascaded approach that does not consider actuator dynamics, as a PID controller
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unaware of the soft robot dynamics is usually employed to control the piston. This is
viable only if the fluidic system can quickly achieve pressure setpoints, necessitating high-
performance (often costly) actuators or slow robot motions. Chapter 8 addresses this
limitation by modeling the potential energy stored in the fluid as a function of the robot’s
configuration and the piston position, thereby coupling the piston and soft robot dynamics
in Euler-Lagrange form. We then apply a backstepping approach (Khalil, 2002; Kokotovic,
1992; Lozano et al., 1992) to design a nonlinear, model-based feedback controller for the
entire system, enabling tighter integration of actuator and robot dynamics. In the future,
such an actuation model could serve as a structural prior when learning models, such
as learning the potential energy stored in the fluid analog to LNNs (Lutter et al., 2019),
therefore connecting to the core contribution. Furthermore, applying the backstepping
procedure to a learned model appears to be an unexplored but interesting research avenue.

Contribution IV. Integrating Physical Structure and Stability Guarantees into Learned
Models

In this thesis, addressing RQ 4, we propose two approaches for learning control-oriented
dynamical models of soft robots that incorporate the necessary (physical) structure to
facilitate closed-form control through energy shaping, as well as stability analysis of both
the open- and closed-loop systems using Lyapunov arguments (Khalil, 2002). We achieve
this by incorporating physics-based dynamical models into the learning algorithm, which
then identifies the free parameters of the dynamics and optionally optimizes over a change
of coordinates—such as encoding into latent space. We detail the two approaches below.

In Chapter 10, we introduce an algorithm designed to learn a soft robot strain model,
specifically a PCS-based model, directly from data representing the shape evolution of the
soft robot’s backbone. Although PCS (Renda et al., 2018) and similar kinematic parametriza-
tions (Alessi et al., 2024a) are well-established in the literature, their design often requires
significant expert knowledge and/or trial-and-error. For instance, the modeling engineer
must determine the number of segments, the length of each segment, and the active strains
for each segment. Additionally, identifying dynamic system parameters through nonlin-
ear optimization can be computationally intensive and potentially ill-conditioned. Our
proposed approach, comprising two algorithms, circumvents these challenges by directly
identifying all necessary parameters from pose samples approximating the soft robot’s
shape evolution. The first algorithm uses an iterative procedure to determine an appro-
priate kinematic parameterization, including the number and length of the segments, by
analyzing the strain progression along the backbone. The second algorithm then derives
a physics-based dynamical model from first principles using the previously identified
kinematic parameterization, representing the Euler-Lagrangian dynamics as a sum of basis
functions. This enables dynamic parameter identification in closed form through linear
least-squares. Additionally, the algorithm employs heuristics, such as identified strain
stiffness, to neglect certain strains, iteratively reducing the DOF of the model, thereby
improving efficiency and control suitability. We validate the proposed approach through
simulations and benchmark its performance in predicting the soft robot’s future shape
evolution over long horizons against State of the Art (SOTA) ML methods, including RNNs,
NODEs, and others.

The second approach, presented in Chapter 11, considers the problem setting of learning
the dynamics of physical systems, and specifically, of continuum soft robots from high-
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dimensional observations, such as sequences of images. As learning the dynamics directly
in image space is considered to be intractable, an established procedure is to employ an
autoencoder, such as a Variational Autoencoder (VAE) (Kingma and Welling, 2014), and
then learning the dynamics of a lower-dimensional space, referred to as the latent space.
Contrary to existing literature, which mostly uses MLPs, RNNs, or NODEs, we propose to
learn the latent dynamics with a network of coupled oscillators that consists of damped
harmonic oscillators that are connected by a nonlinear potential. Crucially, this now allows
us to assign a mechanical interpretation to each latent variable - the position of one of
the harmonic oscillators. Furthermore, the physical structure of the Coupled Oscillator
Network (CON) dynamics, in particular the network’s energy terms, allows us to derive very
strong stability guarantees, such as Global Asymptotic Stability (GAS) for the unactuated
and Input-to-State Stability (ISS) for the actuated latent dynamical system, using Lyapunov
arguments (Khalil, 2002). Finally, we propose an approximated closed-form solution to
the rollout of the Coupled Oscillator Network (CON) dynamics that enables a speed-up
of both training and inference. We benchmark the proposed approach against SOTA
ML approaches extensively on rendered image sequences of various simulated systems,
including different simulated soft robots.

Contribution V. Exploiting Learned Models for Closed-Form Model-Based Control

Additionally contributing to RQ4 and building on Contribution V, we here propose a
closed-form regulation strategy based on learned models. In doing so, we draw on seminal
work that introduced closed-form model-based controllers for rigid manipulators (Kelly,
1997, 1998; Kelly and Carelli, 1996; Sciavicco and Siciliano, 2012), subsequently adapted for
the physics-based control of soft robots by considering both linear (Della Santina et al.,
2023, 2020c) and, as shown in Chapter 6, nonlinear elastic forces (Borja et al., 2022). The
controller combines an integral-saturated PID (P-satl-D) (Pustina et al., 2022a) with an
energy-shaping feedforward term. We motivate the considerations behind this strategy in
the following.

For the error-based feedback component, we use a P-satl-D controller (Pustina et al.,
2022a), which offers stronger robustness against modeling errors via its integral action while
saturation reduces the risk of instability (Pustina et al., 2022a). Compared to PD feedback
laws (Della Santina et al., 2020c), this approach is more effective at mitigating unmodeled
or wrongly modeled dynamics. A key assumption—akin to purely physics-based models—is
that the state space must be continuous. Consequently, specialized methods (Maithripala
and Berg, 2015) are necessary for other geometric spaces (e.g., Lie groups), where continuity
in this sense does not hold directly.

For the feedforward portion, we compensate the potential forces at the target state,
requiring the potential field to be (locally) convex (Borja et al., 2022; Della Santina et al.,
2023). The aim is to rely on the integral action as little as possible, effectively reshaping
the closed-loop system’s potential energy so its (local) minimum is at the desired setpoint.
Additionally, the control must be able to reach the goal, which requires the setpoint to
be a reachable equilibrium of the closed-loop system. In the underactuated case, it is also
crucial for the null dynamics to be asymptotically stable in order to guarantee a stable
control response (Borja et al., 2022). Compensating for the dynamics—specifically the
static forces—at the target state, rather than canceling them at the current state, enhances
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robustness against mismatches between the learned model and the actual dynamics, as
unmodeled dynamics are less likely to dominate in the closed-loop system.

This combination of integral-saturated PID feedback action and potential shaping
feedforward action yields a straightforward yet powerful control approach. Having already
applied this P-satl-D+potential shaping strategy to a fully physics-based HSA model as
part of Contribution III, we further validate it in simulation with the learned strain-based
model in Chapter 10 and for latent space control using CON dynamics in Chapter 11.

Contribution VI. Beyond Low-Level Control: Generating Compliant Motion Behaviors for
Soft Robots

Turning to RQ 5, we propose two methods for generating compliant soft robot motion
at a higher control level. Chapter 7 covers a BMI-based protocol that uses wearable
Electroencephalography (EEG) to supply references to a low-level impedance controller,
while Chapter 12 focuses on learning motion policies from demonstration via a dynamical
system. These strategies ensure that high-level policies do not undermine the inherent
safety offered by the soft robot body and compliant low-level controllers.

Guiding Soft Robots via Motor Imagery. BMIs allow users to operate machines
through neural signals—particularly appealing for assisting individuals with limited mo-
bility. Yet classification accuracies for motor imagery on wearable EEG devices are low
for more than two classes (Arpaia et al., 2022; Lee et al., 2024), raising safety issues if
used with fast, high-inertia rigid robots. Soft robots, by contrast, offer a passive compli-
ance that can reduce risks from erroneous BMI commands. However, controlling soft
robots with BMI has not yet been explored. In Chapter 7, we introduce a brain-computer
interface protocol that, for the first time, lets users operate a soft robotic manipulator
using motor imagery. We employ a wearable, three-channel EEG cap, aiming to in the
future transition brain-controlled manipulations beyond traditional lab settings. Since
robust motor imagery classification beyond two classes remains challenging, we devised
an effective protocol that combines two parallel binary classifiers: one to select the active
coordinate axis (based on yaw clinching) and another to determine movement direction
along this axis (based on motor imagery). We validate our approach on a planar HSA robot,
where the BMI-derived commands serve as setpoints for a compliant impedance controller
(developed in Contribution III). In a quantitative evaluation of the brain signal-driven con-
trol, we visually project step-function-based operational space goals onto a screen behind
the HSA robot. For benchmarking, we compare this BMI system against (1) a keyboard
interface and (2) a privileged scenario where the low-level controller has direct access
to goal positions. Additionally, we show how this scheme can assist with a real-world
Activities of Daily Living (ADL) task—guiding the robot’s end-effector with brain signals to
spray hairspray—highlighting the synergy between the soft robot’s compliance, a suitable
low-level controller, and higher-level BMI-based commands.

Learning Stable Period Motions from Demonstration. Dynamic Motion Primitives
(DMPs) represent a well-known framework for learning complex motions from demonstra-
tions (Ijspeert et al., 2013; Saveriano et al., 2023). In soft robotics, adopting time-invariant
DMPs is particularly appealing for ensuring compliance under perturbations (Ijspeert et al.,
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2013), yet this approach remains unexplored. In Chapter 12, we present a method for
learning periodic motions from demonstrations and reproducing them in a provably stable
and compliant manner—without explicit time dependence. Our framework extends Stable
Motion Primitive (SMP) (Ijspeert et al., 2013; Pérez-Dattari and Kober, 2023; Rana et al.,
2020) by combining a bijective encoder with latent dynamics governed by a supercritical
Hopf bifurcation. The Hopf system’s simple latent dynamics facilitate stability proofs,
while the diffeomorphism introduced by Euclideanizing flows (Dinh et al., 2016; Rana et al.,
2020) enables us to learn complex motions and transfer stability guarantees back to the
original demonstration space. Practically, we encode the robot’s current position into the
latent space, evaluate the Hopf system to obtain a latent velocity, and then map that velocity
back to the demonstration space via the encoder’s analytical inverse Jacobian—yielding a
velocity reference for a low-level motor controller, such as the configuration or operational
space controllers presented in Chapter 6. We conduct extensive experiments with diverse
systems: a helicoid soft robot (Guan et al., 2023), a swimming turtle robot, a UR5 manipula-
tor for whiteboard cleaning, and a KUKA cobot for tasks involving human contact. The
results demonstrate that our approach can learn intricate motion patterns while preserving
compliance, making it a promising path forward for soft robot motion planning.
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In the following, we will outline the structure of this thesis, which is also visualized in
Figs. 1.7-1.8.

Chapter 2 aims to provide background on the existing literature on modeling and
control of soft robots and introduce specific kinematic and dynamic models, model-based
controllers, and other concepts that are recurring throughout this thesis. For example, this
includes the PCS kinematic parametrization, Euler-Lagrangian dynamic models of soft
robots, and P-satl-D (Pustina et al., 2022a)+potential shaping (Della Santina et al., 2023)
controllers.

Chapter 3, incorporating Contribution I, analyzes the inherent safety of soft robots and
recognizes the need for a quantitative safety metric that encompasses both the embodied and
computational intelligence of the robotic system. After identifying interesting applications
of a safety metric, we devise the requirements such a metric would need to meet. We then
propose the first quantitative safety metric for soft robotic manipulators. Finally, we give
recommendations for the safe design of soft robotic systems.

At the outset of this thesis, our understanding of several fundamental aspects of soft
robot behavior was still limited. For instance, we lacked detailed insights into actuation
dynamics (Della Santina et al., 2023)—such as the coupled behavior between soft robots and
pneumatic piston actuators or how power is transmitted from electric actuators through
auxetic metamaterials to induce deformations in HSA robots—as well as in kinematic param-
eterizations that allow for an optimal tradeoff between dimensionality and expressiveness -
as ones that maintain specific strains, such as bending, twist, axial, either constant or piece-
wise constant along the backbone. Consequently, we devoted a significant portion of this
thesis to advancing our understanding by developing physics-based models, experimentally
validating them, and leveraging the results to enhance shape sensing and model-based
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control. This work is presented in Part I, where we introduce advanced physics-based
models for these two applications.

This deeper insight into soft robot characteristics has equipped us to propose more
suitable physical priors for integration into learned models. Specifically, Part II focuses on
incorporating priors related to kinematics, stability, and physical structure into ML-based
methods, thereby employing these hybrid models for improved shape sensing and control.

Parts I & II are discussed in further detail in the following subsections.

PART I - SHAPE SENSING AND CONTROL WITH ADVANCED PHYSICS-

BASED MODELS

In Part I, we develop advanced physics-based models for soft robots and apply them to shape
sensing and control. Specifically, we: i) enhance shape sensing based on visual sensors by
leveraging pose estimates from Simultaneous Localization and Mapping (SLAM) algorithms
and projecting them onto a kinematic model, ii) propose kinematic and dynamic models for
HSA robots and utilize them for model-based control, iii) introduce a motor-imagery-based
Brain-Computer Interface (BCI) interface for guiding a low-level impedance controller
with brain signals, and iv) model the actuation dynamics of pneumatic piston-driven soft
robots, designing a provably stable backstepping controller for piston motion regulation.
This part includes Contributions II-V and comprises the following chapters:

« Chapter 4 describes a method for combining low-cost monocular cameras with
vSLAM algorithms and projecting pose estimates onto the soft robot’s kinematics
to enable shape sensing. The approach is validated through simulations using a
Constant Curvature (CC) model and experimental tests on a pneumatic soft robot
segment moving in 3D space.

« Chapter 5 presents kinematic, dynamic, and actuation models for HSA robots com-
prising parallel auxetic metamaterial rods. First, we introduce a novel kinematic
parametrization (SPCS) based on the PCS (Renda et al., 2018) model, effectively cap-
turing HSA rod shapes with minimal configuration variables. Next, we formalize the
inclusion of auxetic trajectories (e.g., HSA rods changing length with twist strains) in
Cosserat rod-based models, enabling a PyElastica (Naughton et al., 2021)-based simu-
lator for HSA robots. Additionally, we devise kinematic and underactuated dynamic
models for planar HSA robots, incorporating auxetic trajectories that influence rest
length and stiffness. These models are experimentally validated.

« Chapter 6 extends Chapter 5 by proposing two model-based control strategies for
setpoint regulation with planar HSA robots: a) a configuration-space controller using
an integral-saturated PID feedback term and potential shaping feedforward term,
and b) an operational space impedance controller that enables end-effector stiffness
shaping in Cartesian space through a PD feedback term. The configuration-space
controller leverages a feedforward term evaluating potential forces at desired end-
effector positions via static inversion and a feedback term enabled by linearization
of the actuation term and mapping into collocated form. The operational space
controller uses model knowledge to cancel the existing soft robot dynamics and
applies a least-squares optimizer to solve the underactuated control problem (i.e.,
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mapping configuration space torques to actuation inputs). Both approaches are
extensively validated experimentally and benchmarked against a model-free PID
controller.

« Chapter 7 enhances the operational space impedance controller from Chapter 6
with a BMI protocol, enabling users to control a soft robot through motor imagery.
The protocol processes wearable EEG device measurements, classifies motor imagery
using Linear Discriminant Analysis (LDA), and translates the output into incremental
end-effector attractor movements. The low-level impedance controller then tracks
these setpoints. Experiments with a planar HSA robot compare this approach’s
performance on a reference trajectory against two baselines: a computational control
with privileged access to goal positions and a keyboard-based HRI interface. Finally,
we demonstrate a simple ADL—releasing hairspray by guiding the soft robot to press
a button using motor imagery.

« Chapter 8 develops dynamic models of the actuation dynamics for pneumatic piston-
driven soft robots and designs a nonlinear backstepping controller (Khalil, 2002;
Kokotovic, 1992; Lozano et al., 1992). The model calculates the potential energy stored
in the fluid as a function of the robot’s configuration and piston position, with partial
derivatives representing the potential forces exerted by the fluid. The backstepping
controller integrates a configuration-space setpoint regulator into a piston feedback
controller. This approach is tested through simulations on a three-segment PCC soft
robot.

PART II - INCORPORATING PHYSICAL STRUCTURE AND STABILITY GUAR-

ANTEES INTO LEARNED MODELS AND CONTROLLERS

Part I combines several research efforts integrating modern ML techniques with physics-
based models. The goal is to simplify the learning process, provide insights into the learned
components through physical interpretation, ensure stability guarantees, and/or leverage
physical structures for model-based control using energy-shaping approaches. This part
covers Contributions IL,IV-VI and includes the following chapters:

« Chapter 9 presents a methodology for achieving 3D shape sensing in soft robots by
embedding multiple magnets and magnetic sensors within their body. The primary
challenge with magnetic sensors lies in interpreting their measurements and map-
ping them to a configuration estimate. To address this, we use the kinematic model
of the soft robot to parameterize the spatial relationship between a magnetic sensor
and its surrounding magnets. We then learn the forward measurement model based
on this low-dimensional parameterization to predict the measurements for each
sensor. Notably, by incorporating knowledge of the kinematic model and reducing
the complexity of the learning black-box, the resulting sensor measurement model
generalizes effectively across all embedded magnetic sensors. Finally, to achieve
proprioception, we formulate an optimization problem where the cost function
minimizes the squared error between predicted and actual sensor measurements.
With both the kinematic model and the neural sensor measurement predictor being
analytically differentiable, this optimization problem is efficiently solved using gra-
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dient descent. The proposed approach is validated through simulations with PCC
and Piecewise Affine Curvature (PAC) soft robots, as well as experiments with a
pneumatically actuated soft segment.

Chapter 10 introduces an algorithmic framework for identifying low-dimensional
strain models from data describing the shape evolution of soft robots. The approach
takes as input pose measurements along the soft robot’s backbone and consists of two
key steps: First, a suitable low-dimensional PCS-based parameterization is identified
through an iterative procedure to approximate the backbone shape accurately. Next, a
dynamical model is derived from this kinematic parameterization, with its parameters
regressed in closed form. Additionally, the algorithm employs heuristics, such as the
identified stiffness, to determine whether certain strains can be neglected, potentially
further reducing the DOF of the dynamical model. The proposed method is validated
by deriving the dynamical model of a simulated soft robot directly from video data. Its
performance is quantitatively benchmarked against SOTA ML approaches, including
RNNs and NODEs. Results demonstrate that this fully physics-based strain model
significantly outperforms others in extrapolation settings, particularly for actuation
sequences outside the training set. Finally, the learned model is employed for model-
based control using a controller that incorporates an integral-saturated PID feedback
term alongside a potential-shaping feedforward term, similar to the control approach
outlined in Chapter 6.

Chapter 11 introduces a method for learning the latent dynamics of physical sys-
tems, such as soft robots, using Coupled Oscillator Networks (CONs). Specifically,
high-dimensional observations, like images of the soft robot, are mapped into a
low-dimensional latent space using a learned autoencoder. Each latent variable in
this space corresponds to the position of a mechanical oscillator, providing a clear
mechanical interpretation. A key advantage of this approach is that the CON for-
mulation offers strong stability guarantees: the unactuated system exhibits Global
Asymptotic Stability (GAS), while we prove for the actuated system Input-to-State
Stability (ISS) (Khalil, 2002). The proposed learning method is validated on multiple
datasets comprising image sequences of simulated soft robot motions, and its motion
prediction accuracy is benchmarked against various SOTA ML approaches, such as
Coupled Oscillatory Recurrent Neural Network (coRNN) and Gated Recurrent Unit
(GRU). Furthermore, the physical structure of the CON dynamics is leveraged for
closed-form model-based feedback control in the latent space. This involves using
an integral-saturated PID feedback term and reshaping the CON potential field to
exhibit its minimum at the desired latent goal. The proposed control strategy is
demonstrated on a simulated two-segment PCC soft robot.

Chapter 12 proposes a method for learning orbitally stable motion policies from
demonstration, which can serve as a reference for the low-level motor controllers
introduced in Chapters 6 and 10-11. Building on pioneering research in Stable Mo-
tion Primitive (SMP), which parameterizes motion policies using (latent) dynamical
systems (Ijspeert et al., 2013; Rana et al.,, 2020), this chapter integrates a learned
bijective encoder implemented as a Euclideanizing flow (Dinh et al., 2016; Rana et al.,
2020) with an orbitally stable supercritical Hopf bifurcation as the latent dynamics.
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This approach enables the learning of periodic motions from demonstrations with
stability guarantees. The inverse Jacobian of the bijective encoder facilitates the
projection of predicted latent velocities back into the oracle space. The proposed
method is experimentally validated on various robot embodiments, including a
tendon-driven helicoid soft robot (Guan et al., 2023), a swimming turtle robot, a UR5
robotic manipulator, and a KUKA cobot.

CONCLUSION AND APPENDICES
In the following, we will detail the content of Parts III & IV IV.

+ Chapter 13 summarizes our findings and suggests promising directions for future
research.

« Appendix A introduces a framework for the holistic co-design of soft robots, en-
abling the simultaneous optimization of both the robot’s body (e.g., its morphology)
and its brain (e.g., the perception and control systems) (Navez, 2024; Spielberg et al.,
2019; Wang et al., 2024). Importantly, the framework considers a broad array of
criteria beyond task-centric performance, including safety, manufacturability, and
regulatory considerations. It explicitly addresses the practical realization of designs
by demonstrating how prototyping can reduce uncertainty in the computational
evaluation metrics, while also proposing modifications to the co-design process that
could greatly enhance computational efficiency. In summary, this holistic co-design
framework provides guidance on how the soft robot’s structural shape, actuator and
sensor placement (see Chapters 4 & 9), reduced-order modeling (see Chapters 5, 10,
& 11), and controller (see Chapters 6, 8, 10, & 11) might be jointly optimized in the
future to boost performance while ensuring that the closed-loop system remains
sufficiently compliant and safe (see Chapter 3).

« Appendix B contains supplementary material, including details on the experimental
setup and additional results, for Chapter 11.

+ Appendix C outlines some of the laboratory infrastructure developed during this
PhD—such as a motion capture system and pneumatic pressure regulation—to support
the research presented in this thesis. Additionally, we introduce several software
libraries that underpin many of the thesis chapters, including a JAX implementation
of control-oriented soft robot models for simulation, model-based control, and motion
planning, as well as a ROS2 ecosystem for model-based control of HSA robots.

1.4.1 IMPORTANT NOTES

We acknowledge that, although we strived to maintain consistent notation across chapters,
the diversity of problem settings and methods, coupled with the limited pool of available
symbols, necessitated the use of tailored notations for each chapter. Also, please note that,
unless explicitly stated otherwise, the term "soft robot” in this thesis refers to "continuum
soft robots", as opposed to articulated soft robots (Della Santina et al., 2020b). The code and
data associated with this thesis are made available as a dataset on the 4TU.ResearchData
platform?.

’https://doi.org/10.4121/a9ee4280-4ef1-4c2b-bcef-526cd50292a9



https://doi.org/10.4121/a9ee4280-4ef1-4c2b-bcef-526cd50292a9




25

2

BACKGROUND ON MODELING AND
CoNTROL OF SOoFT ROBOTS

In this chapter, we review existing approaches for both kinematic and dynamic modeling
of soft robots and discuss how these models can subsequently be exploited in closed-form
model-based controllers. These topics are highly relevant to the core of the thesis and many
concepts presented in this are employed throughout all chapters of this thesis. Examples
include the PCC (Della Santina et al., 2020a; Webster IIl and Jones, 2010) and PCS (Renda et al.,
2018) kinematic models, as well as soft robot dynamics expressed in an Euler-Lagrangian
formulation (Della Santina et al., 2023) and their projection into operational (Della Santina
et al., 2020c; Khatib, 1987) and actuation (Pustina et al., 2024a) spaces. Moreover, we report
various closed-form soft robot controllers, such as those based on error-based feedback combined
with energy shaping (Della Santina et al., 2023), integral-saturated PIDs (Pustina et al.,
2022a), or Cartesian impedance controllers (Della Santina et al., 2020c). We emphasize that
kinematic and dynamic modeling (Armanini et al., 2023) of soft robots, as well as model-based
control (Della Santina et al., 2023), remain highly active areas of research, and that much of
the content presented in this chapter has only been proposed in recent years (Yasa et al., 2023).
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2.1 KINEMATICS: FROM PLANAR CONSTANT STRAIN TO GE-
OMETRIC VARIABLE STRAIN

N this section, we review relevant kinematic parameterizations and models for soft robots
that the community has developed in recent years.

2.1.1 PRELIMINARIES

The goal of a kinematic model for robots is to provide a description of the robot’s current
shape—specifically, to determine SE(3) poses for every point on the robot body given
the current value of its configuration variables g € R". For rigid manipulators, one can
readily derive a kinematic model that describes the position and orientation of the links by
considering the joint angles as the configuration variables (Siciliano et al., 2010). In contrast,
the continuous three-dimensional deformations of continuum soft robots make this task
considerably more challenging (Armanini et al., 2023). To simplify the problem, the com-
munity adopts the slender structure hypothesis for continuum soft robots, which assumes
that the body’s radius is much smaller than its length: R « L. This assumption permits the
use of Cosserat rod theory (Cosserat, 1909) by reducing the analysis to the one-dimensional
deformation of a geometric line that represents an infinitesimally thin backbone of the con-
tinuum robot (Gazzola et al., 2018)!. We then model the backbone’s deformation in 3D space
by examining the variation of the strain field £(¢,s) = [Kx Ky k; Ox Oy crz] Te R®,
where t denotes time and s € (0, L] is the curvilinear abscissa along the backbone curve.
Here, k. and o represent the rotational and linear strains, measured in units of [rad/m] and
[—], respectively. In particular, when the backbone is aligned with the local z-axis, kx and
Ky capture bending strains along the two local directions, x, describes the twist strain, while
ox and oy account for shear strains, and o, corresponds to the axial strain (Della Santina
et al., 2023).

Nonetheless, since these Cosserat rod models reside in an infinite-dimensional state
space, it becomes impossible to measure the state of a soft robot directly. Moreover, the
associated dynamics are formulated as Partial Differential Equations (PDEs) (Gazzola et al.,
2018), complicating their direct use in control applications. Therefore, the ultimate aim is
to recast the dynamics as Ordinary Differential Equations (ODEs)—specifically, in Euler-
Lagrangian form—by approximating the backbone deformation with finite-dimensional
parameterizations.

In fact, the continuous strain field can be approximated as £(t,s) = ¥(t,q, s), where
¥(t,q,s) : RxR"xRy — R serves as the functional parameterization, ¢ € R" denotes the
finite-dimensional configuration, and §° € R® represents the rest strain (Mathew et al.,
2025). Then, the forward kinematics can be formalized as 7(q, s) : R" xR} — SE(3).

Below, we introduce several commonly used kinematic parametrizations—many of
which are employed in this thesis—that range from relatively simple single-segment planar
cases to the most general and expressive GVS models.

"Models that consider the full three-dimensional deformations of soft robots, extending volumetric Finite Element
Method (FEM) to control-oriented modeling, are beyond the scope of this thesis. We refer the interested reader
to Armanini et al. (2023); Coevoet et al. (2017); Faure et al. (2012).
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2.1.2 PLANAR CONSTANT STRAIN

Analog to Chapter 52, we first consider a planar CS model that considers a segment that
exhibits constant strain. In the planar case, we need to consider the following three
deformations: the bending strain xp.(s), the shear strain og,(s), and the axial strain ().
As these strains are assumed to be constant, we can state for any point s along the segment
that the strain field is given by £(t) = [Kbe(t) osh(t) crax(t)] T eR3. After defining the

. T . . .
rest strain &% = [0 0 1] , we can express the strain field as a function of the finite-
dimensional configuration g € R®

E(1) =Ts q(1)+&°. (2.1)

¥(q)

The goal is now to determine the planar SE(2) pose y = [px Py G]T € R? for each
s € (0,L], where py is the x-position, py the y-position, and 6 € §' the planar orientation
measured as the angle with respect to the x-axis. Assuming that the robot backbone is
aligned with the local y-axis, the infinitesimal change of pose along the backbone is given
as

or(q.5) c08(Kpe ) Ogh — Sin(Kpe ) Tax

s sin(kpe$) osh + cos(Kpe S) Oax | - (2.2)
s
Kbe
We can now integrate 3—)3( in order to obtain the forward kinematics
0 —sin(6%)+sin(8%+kpe s —c0s(6%)+cos(8%+Kpe s
o P+ o (6°) Kbe( be S) + Oy (6°) Kbe( be $)
/ 4 0 0 s 0 : 0
=1(q,s)= —(gq,s))ds" = 0 cos(0")—cos(0”+kpes) —sin(60?)+sin(0° +kpe s)
X (@9) A as (@.5) Py +0sh Kbe + Oax Kbe
0% + Kpe s

(2.3)
where y° = [pg p;), QO]T is the SE(2) pose of the base. The geometric Jacobian (Siciliano
et al., 2010) associated with the forward kinematics is given as

Kbe s(o-shcbefo-axsbe)+o-sh(330*sbe)+0'ax(050*cbe) —590 +Spe —Cg0 +Che
2 K| K
or .S Kpe be be
](q, S) = M = KbeS(O-shsbe+aaxcbe)+o-sh(_090+cbe)+0-ax(390_sbe) €90 —Che —S90 +Spe s
aq Klz)e Kbe Kbe
S 0 0
(2.4)

where sgo = sin(6°), cgo = cos(6°) and spe = sin(8° + kpes), che = c0s(0° + kpes). As demon-
strated in Chapter 5, the inverse kinematics g = o(y, s) of a planar constant strain segment
are available in closed form

2
6-6° . 0°) py-+sin(6° in(9—0°
qg=o0(y,s) = | sin(0°) px + cos(0°) py — (cos@p szzz(_ggf_yl)sm( ) . (25)
s (0 0 0 p0
—cos(0°) px —sin(6°) py — (Csin(® )Pz;c((;s,(z();fﬁ)smw 2

%In Chapter 5, we leverage a planar constant strain model to describe the kinematics of planar HSA robots.
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Please note that even though both the forward and inverse kinematics - i.e., Egs. (2.3)- (2.5)
- exhibit a well-defined limit for the case of no bending

[p%+ g cos(0°) s — 0y sin(6°) s
lim 7(q,s)=|py+0Js sin(6%) s + o4y cos(6%) s|,
Kpe—0 90
. (2.6)
cos(G())‘iJXJrsin(GO)py

s

li ,5) =
Jim, o(x. )

B
- sin(GO)prrcos(b’o)py
L B

in practice, we face numerical issues when evaluating the kinematics or the matrices of
the dynamical model. Therefore, we found it most effective to manually modulate the
configuration for the bending strain kpe to exhibit a minimum magnitude ¢ € R, when
evaluating the kinematics or dynamics of such strain-based models, as, for example, the
case for the JAX Soft Robot Modeling package presented in Appendix C.4

be — > (2-7)

. | sign(kpe)e, iflxpel <e

. Kbe> else
where ¢ = 0.01rad/m determines the minimum magnitude of the bending strain when
evaluating the dynamical matrices. Therefore, &1, exhibits a discontinuity at kpe = 0 when
it switches from —¢ to ¢ and vice-versa. Furthermore, the gradient exhibits a discontinuity
at |kpe| = € when it transitions between a linear and a constant function.

PLANAR CONSTANT CURVATURE
In the special case of a planar CC segment (Della Santina et al., 2023; Webster III and Jones,
2010), we would set o5, =0, 0ax = 1 and reformulate the strain field as

c0=,) |a e

——
0]

where now the configuration only contains the bending strain g = xp. € R.

2.1.3 PIECEWISE CONSTANT STRAIN

The PCS model (Renda et al., 2018, 2016) extends the idea of planar constant strain to (i)
the 3D case with six-dimensional strains and (2) multiple segments with each segment
exhibiting constant strain. The strain field of a N segment PCS soft robot is

Ets)=¥(t,q,5)=[®i(s) -~ @i(s) - @y qt)+&°, (2.9)
@(s)

where q € R®N (i.e., n = 6N) is the configuration, £° € R® is the rest strain, that is usually
chosen as &0 = [0 0 0 00 1] " for the case of the backbone being aligned with the
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local z-axis, ®(s) : Ry — RN s called the strain basis (Mathew et al., 2025; Renda et al.,
2020) and consists of N discontinuous functions ®; Vi € {1,..., N} that are defined as
(I)(s) _ {]Is, if 27211 li’ <s< Zi:/:l li’
i(s) =

eR®™® vie{l,..,N}, (2.10)
Ogx3, e€lse

where [; is the length of each segment, therefore fulfilling the property L = Zfil I;.

For the derivation of the forward kinematics, we point the reader to Renda et al. (2018).
In Section 5.3, we introduce a variation of the PCS parametrization, named SPCS, that
allows for selective strains to remain constant over the entire backbone length instead of
just for each segment - allowing for a reduction of the DOFs of the model. Additionally,
we use a planar version of the PCS model in Chapters 10 & 11.

P1ECEWISE CONSTANT CURVATURE

In the special case of PCC (Webster III and Jones, 2010)—the most popular soft robot
parametrization—the twist and shear strains are neglected (i.e., k,, oy, oy = 0), resulting in
the following strain basis functions:

T

) if2§7=11 Iy <s< Z£’=1 Iy,

Di(s) = eR®® vie{1,.. N} (2.11)

S O =
S = O
oS o O
S O© O

0
0
0

_ o O

O6x3, else,

Even though the name of the model implies otherwise, the configuration of the ith segment
g = [Kx,i Kyi 0Oz— 1]T € R® usually contains the two bending strains x,, x, and the
axial elongation strain o,. We emphasize that the PCC model extends the previously
mentioned planar CC case to 3D and multi-segment soft robots by approximating the
bending as piecewise constant. The forward kinematics, given by y = n(q, s), is introduced
in Della Santina et al. (2020a); Webster III and Jones (2010), and the inverse kinematics for
up to three segments is available in closed form (Li et al., 2023).

Various alternative versions of the PCC parametrization appear in the literature. In par-
ticular, the seminal work by Webster IIl and Jones (2010) introduced the (k, ¢, £) parametriza-
tion, while Della Santina et al. (2020a) proposed a A-parametrization. We discuss both
parameterizations in greater detail below.

(k, ¢, )-Parametrization. Webster III and Jones (2010) defines the configuration of the

ith segment as ¢; = [Ki o fi]T, where x; € R and ¢ € R, are the curvature and length
of the arc, respectively, and ¢; € [, 7] the angle of the direction of bending. We can
easily identify the mapping between the strain-based parametrization and the (k, ¢, £)
parametrization

Ki= \KZ+ K}z,’i, ¢; = arctan2(iy,;, —kx,), t;=0,s, (2.12)

and the inverse map as

. t;
Kyi=—sin(@) ki,  kyi=cos(§)ki, 0= ;l (2.13)
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Although the (x, ¢, £) parametrization has significantly influenced the soft robotics field
and been widely adopted, it presents several drawbacks affecting both kinematics and
dynamics, as initially noted by Della Santina et al. (2020a): (a) when k; = 0, there is a
redundancy because ¢; can take any value without changing the backbone shape; (b) a sign
redundancy exists for x;, since the configurations (k;, ¢;, ;) and (—k;, ¢; — 7, £;) produce
the same shape; and (c) a discontinuity is observed when ¢; transitions from 7 to —, or
vice versa.

A-Parametrization. Della Santina et al. (2020a) introduced the A-parametrization to
address some of the shortcomings of the (x, ¢, ) parametrization. In this approach, the
configuration of the ith PCC segment is represented as ¢; = [Ax,i Ay 5Li]T, which
depends on the difference between the soft segment side lengths and the change in backbone
length, denoted by dL;. The underlying intuition is that each segment’s shape is uniquely
defined by the lengths of four arcs that are equiangularly distributed at a radial distance of
d; € R, from the backbone center line. Taking the example of the four arcs at polar angles
0, =0rad, 0, = %rad, 03 =mrad, 04 = 37” rad with the arc lengths Ly;,Ly;, L3, La;, given as
a function of the strains Ky, Ky, 02

Lij= (0, —Kyidi) s, Ly = (0si+Kyidi) s,

(2.14)
Ly = (0 +Kxidi) s, Lyj= (05— Kkxidi) s,
the configuration can be computed as
Lyi—Ly; Ly;—Ls; Ly;+ Lo,
Ax,i — 2,0 2 1,1’ Ay,i — 4, - 3,0 , 5Li — 1,i 2 20 (2.15)

Then, A; = [AZ; + Ag,i would then denote the magnitude of the bending. As the mapping

between the (k, ¢, £)- and the A-parametrization is already presented in Della Santina et al.
(2020a), we here only report the mapping from the strain-based parametrization into the
A-parametrization

Axi = Ky d;s, Ayi=—kKxid;s, 0L =(0,i—1)s, (2.16)
with the inverse map defined as

y,l X1 i
— 5 KY‘—_ s 0,i=1+—. 2.17
di N ! di N u N ( )

Kxji =

We conclude that the A-parametrization exhibits many of the same properties and char-
acteristics—such as the absence of redundancies and discontinuities—as the strain-based
formulation, and that configurations can be easily mapped back and forth.

We use a planar version of the PCC model in Chapter 8 and leverage the A-parametrization
of PCC in Chapters 4 & 9.

2.1.4 GEOMETRIC VARIABLE STRAIN
To our knowledge, GVS (Boyer et al., 2020; Mathew et al., 2025; Renda et al., 2020) represents
the most expressive kinematic parametrization available for Cosserat rods. In particular,
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the strain field is defined as

E(t,5) = B(t,q,5) g+ E°(s), (2.18)

which is composed of a configuration- and time-dependent strain basis function ®(¢, q, s) :
R xR" xR+ — R®" (potentially exhibiting discontinuities and a configuration and time
dependencies) and an abscissa-dependent rest strain function £°(s) : R+ — R® (Mathew
et al., 2025). Conventionally, ®(s) is constructed using abscissa-dependent basis functions,
such as those derived from monomial or Legendre polynomial functions (Mathew et al.,
2025). For instance, Della Santina and Rus (2019) examine the polynomial curvature case.

AFFINE CURVATURE

A special case of variable strain is Affine Curvature (AC) (Della Santina, 2020; Stella et al.,
2022; Tiburzio et al., 2025), later extended to multi-segment cases via PAC by Stella et al.
(2023c). A strain-based parametrization of AC could look like

1 S 0 0

E(t,s)=¥(t,q,s)=| 0 0 1 s | q(t)+&°, (2.19)
O4x1 Ogx1 Ogx1 Ogxq

O(s)eRO*4

where g € R* is the configuration of the AC robot. Alternatively, we could enforce the same
affine curvature function for both bending directions and additionally allow for an axial
extension of the segment. Accordingly, Baaij et al. (2023); Stella et al. (2023¢c) parameterized
the configuration of the ith AC segment as

G =[roi x1i ¢ OL] eRY, (2.20)

where K, k1; € R are the coefficients of the AC function, ¢; € [, 7] signifies the bending
direction, and SL; = L;(t) — LY captures the elongation of the segment, where L? is the
equilibrium length of the segment. The strains of the segment can be recovered using the
map

— (K(),i + K1, S) sin((/’)i)
£t = | * (ko K1s9) cos()
3x1
1+

N

, (2.21)

where k; = K¢+ k1, s represents the curvature of the (ith) segment. We leverage this AC
parametrization in Chapter 9 of this thesis.

2.2 EULER-LAGRANGIAN DYNAMICS

In the following section, we introduce the structure and key characteristics of continuum
soft robot dynamics, formulated in Euler-Lagrangian form. For a detailed derivation of
these dynamics, readers are referred to several survey papers in the literature (Alessi et al.,
2024a; Armanini et al., 2023; Della Santina et al., 2023; Gazzola et al., 2018).
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Regardless of the chosen kinematic parameterization, the EOMs for a soft robot can
generally be expressed in Euler-Lagrangian form (Della Santina et al., 2023):

M(q)§+C(q.9)4+K(q)+G(g)+Dgq=A(g), (2.22)

where the mass matrix M(q) > 0 € R™" represents the robot’s inertia, C(q,q) € R™"
accounts for Coriolis and centrifugal effects, K(q) and G(q) (in R") correspond to elastic
and gravitational forces, respectively, and D > 0 is the damping matrix. This model shares
properties with traditional rigid robot dynamics, such as the skew-symmetry of M(q) —
2C(q,q), provided that C(gq, ¢) is defined using Christoffel symbols (Della Santina et al.,
2020c¢).

We assume that the soft robot is actuated by m actuators via the mapping « : gx 7 +—
A(q) 7, where A(q) € R™™. 3 Depending on the relationship between n and m, if n = m,
the robot is fully actuated; if n < m (which is less common), it is considered overactu-
ated (Pustina et al., 2024a); and if n > m, the soft robot is regarded as underactuated (Pustina,
2025).

2.2.1 FORMULATION AS A 1ST-ORDER ORDINARY DIFFERENTIAL EQUA-
TION (ODE)

After defining the state of the soft robot as y = [qT qT] Te RR?", (2.22) can be expressed
as a control-affine ODE in nonlinear state-space representation

+ [Ml(&xﬁ(q)] . (2.23)
B(q)

_ q
N [—Ml(q)(c(q, 9 q+K(9)+G(q)+Dg)

dg
y=f.0 =4
dt

2.2.2 KINETIC AND POTENTIAL ENERGY
Typically, we can derive analytical expressions for the system’s kinetic and potential energy:

T =30 M@ V)= U@+ V@~ [ K@+Cldg. (220

where T (g, q) > 0 is the kinetic and U’(q) the potential energy consisting of elastic and
gravitational terms Uk(q), Us(g). which results in K(q) + G(q) = %. In the case of linear
elasticity K(q) = S ¢, where S > 0 € R™" is the stiffness of the generalized coordinates, the
elastic potential energy becomes Uk(q) = %qTS q. Consequently, the Lagrangian is defined
as L£(q,9) =T (q.9)—V(q).

As demonstrated by Della Santina et al. (2023, 2020c) and in Chapters 8 and 11, these
energetic expressions provide a solid foundation for analyzing the stability of both open-

and closed-loop systems using Lyapunov arguments (Khalil, 2002).

3While this control-affine formulation with a configuration-dependent actuation matrix A(q) captures the char-
acteristics of most existing soft robot actuation methods—such as pneumatic or tendon-driven actuation—the
actuation can also be represented as a more general nonlinear function a(q, 7), as is the case for the HSA robot
actuation model presented in Chapter 5. Furthermore, when accounting for actuator dynamics, as discussed in
Chapter 8 for pneumatic pistons, the generalized actuation torque may also depend on the actuator’s state (y, j1).
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2.2.3 OPERATIONAL SPACE DyNAMICS

As originally proposed in the seminal work by Khatib (1987) and later adapted for soft
robots by Della Santina et al. (2020c), the system dynamics can be directly expressed in
operational space®. Regardless of the precise definition of operational space (e.g., end-
effector pose), given the forward kinematics 7z : ¢ — x, where x € R® denotes the operational
space coordinate with o < n, and the corresponding Jacobian J(q) = ‘3—’; € R, (2.22) can
equivalently be written in operational space as

A E+1x(q. ) 4+ (D (G(Q) +K(@)+D @) = i (9 Alg), (2.25)

where »
@ =M T (@ (J(@M (9] (q))  €R™, (2.26)

denotes the dynamically consistent pseudo-inverse (Chang and Khatib, 1995), which maps
operational space velocities to configuration space and transforms generalized torques into
operational space. Moreover,

Adq) = QM (9T (g) " e R, (2.27)

defines the operational space inertia matrix, and the operational space Coriolis and cen-
trifugal matrix 5(q, ¢)° is defined as (Della Santina et al., 2020c; Khatib, 1987)

n1x(q.9) = A(q) (J(9 M (9)C(q.9)—J(q.9)) € R”. (2.28)

NuLL SPACE DYNAMICS

When o < n, there are (n— 0) redundant DOFs—commonly known as the null space
dynamics (Siciliano et al., 2010). It is crucial to consider these null space dynamics to ensure,
for instance, the stability of the closed-loop robotic system rather than focusing solely
on the end-effector’s operational space movement. Various approaches in the literature
address the derivation of null space dynamics, ranging from projection-based methods to
operational space augmentation techniques (Ott, 2008). In the following, we focus on the
Joint Space Decomposition Method (Ott, 2008).

First, we introduce the additional null space velocities defined as v, = N(q) ¢ € R*,
which represent the time derivatives of the null space coordinates n(t) € R"° . With an
appropriate choice of N(g) € R"~9" this yields the formulation described in (Della Santina
et al., 2020c; Ott, 2008).

x| _J@| .
where for the nullspace base matrix Z(q) € R"~9" we define (Ott, 2008)
N@) = (2@ M@ Z(@") ™ Z(@M(g). (230)

The operational space is also commonly referred to as task space. Since end-effectors (e.g., grippers) are typically
attached to the distal end of the robot, the operational space is often defined by the pose y € SE(3) of the
end-effector.

SPlease note that in Chapter 6 this operational space Coriolis matrix is denoted as u(q, 4).

®Note that the null space coordinates can always be recovered via integration, i.e., n(t) = /Ot vn(t7)dt/, although
they may not have a direct geometric interpretation (Ott, 2008).
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In the general case, Z(g) can be constructed as (Huang and Varma, 1991; Ott, 2008)
2(9) = [Jo@Js " Tnso], (2.31)
for which we partitioned the Jacobian J(gq) as
J@ =l Jao] €R™", (2.32)

such that J,(q) € R is at least locally invertible.
The EOM of the combined operational and null space dynamics are now given as (Ott,
2008)

AX(q) Oox(nfo) x ’]X(q’ q) . ]A_;T(q) . Fx T
. . G K Dqg)= = A ,
[O(n—o)xo An(q) Vi + nn(q, q) + Z(q) ( ((I) + (CI) + ‘I) fn JMZ(Q) (‘I) T
A(g)eR™» n(G)ER™™ iz (q)eR™™
(2.33)
where Jyz(g) can be used to map operational and null space velocities into configuration
space (Ott, 2008)
: J(@] [ %)
1) = , 2.34
W=z | [0 239
—_—
Jnz(q)
which allows us to decompose 5(q, ¢) ¢ into
N ’YXX(q, q) an(q, q) x
) = . . s 2.35
U(q q) 1 [Unx(q’ q) Unn(qa q) Vn ( )
where
’]XX(q> q) = ’]x(q, CI)]J[(‘]) an(q, Q) = UX(qs Q)Z(Q), (2 36)
Mx(0: Q) = 1a(@. DD Mnna, Q) = 1a(q. ) Z(g). '
Furthermore, the null space inertia A,(q) is defined as (Ott, 2008)
An(@)=Z(@M(9) Z(q)". (2.37)

2.2.4 ACTUATION SPACE DyNAMICS

Pustina et al. (2024a) demonstrated that it is often feasible to directly formulate the dynamics
in actuation coordinates ¢ € R", where the actuation force r acts directly on the first m
actuation coordinates via an identity matrix. This feature is especially appealing for control
applications because it enables a straightforward mapping of a control input devised in
the generalized (collocated) coordinates into an actuation r. Moreover, this approach may
also be useful in the future in other applications such as inverse kinematics (Della Santina,
2025) or workspace estimation. Since this collocated mapping is particularly beneficial in
underactuated settings, as later demonstrated in Chapter 6, we focus on the case m < n,
which includes both fully actuated and underactuated systems. In the following, we will
assume for the actuation matrix A(q) to be full-rank (i.e., rank(A) = m).
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According to Pustina et al. (2024a), there exists a transformation into collocated form
when there is a function g(q) : R” = R™ such that g—‘g = AT(q), which is referred to as
integrability assumption. In practice, as shown in Sec. 6.2), this mapping g(q) is found by
solving the integral g(q) = fot q(t")" A(g’)dt’. If A(q) is constant, the mapping is given by
g(q) = ATq (Pustina et al., 2024a). If m < n, we stress that the coordinates given by g(q)
would not be sufficient to fully describe the dynamics of the system, as there would exist
a null space of dimensionality n—m. Therefore, we can choose which n—m coordinates
from the original configuration space to keep. For example, the following transformation
into actuation coordinates would be valid for a given g(q) (Pustina et al., 2024a)

_ _ g(q)
Q= [(pu} h(q) = [

Onm

O 0’"“”‘”’)] a0 (2.38)

O(n m)xm -

where ¢, € R™ and ¢, € R"™™ refer to the actuated and unactuated actuation coordinates,
respectively, and the function h(q) : R” — R" maps from configuration space into collocated
form. Ji(q) is its associated Jacobian, and it is defined together with its inverse’

8h(q) Al A o M@\ _[AT(@ -AT (@A)
(n—m)xm n—m aq (n—m)xm n—m
(2.39)
and A,(q) € R™™, A,(q) € R"™*™ stem from the following partitioning: A(q) = [ﬁaggi]
u
The dynamics in actuation coordinates are then given by
M@+ g D9+ B @DC@+K@+Dp= |, T | e

where analog to the operational space dynamics, the actuation space inertia is defined
as (Khatib, 1987)

My(9) = (W @QM QI (@) =T (@M(g)Ji () € R, (2.41)

T v(q) € R™" is the dynamically-consistent pseudo-inverse (Chang and Khatib, 1995)

_ AT —A"T(g) AT
Fn(@ =k (@)=, (@ 2 ]I(q) u(@) , (2.42)
mx(n—m) n—m
ntp(q, q) captures the Coriolis and centrifugal effects
10(4- @) = Mp(q) (Jn() M~ (q) C(q. §) — Jun(q, D)) Ji ' (q) € R (2.43)

The property M,(q) = 1,(q, )+ 14(g. 4) still holds. Crucially, we now notice in (2.41) how
7 directly acts via an identity actuatlon matrix on the first m actuation coordinates. We

"We assume in this Chapter for J;,(¢) to be either invertible for all g € R" or at least in the relevant workspace
q € Q of the soft robot.
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can partition the dynamics of (2.41) into the first m (actuated) rows, and the last n—m
unactuated rows:

|:M<p,a(q) --+[ (pa(q q)] +[ Aa_l(q) Omx(n—m)] <[Ga(q):| |:Ka(q)} 4 [Daa(q) Dau(q):| ) _ [ T ]
Moa(@] * 7 [10u(@. 0] 7 -4 @A (@D Tem |\ [Gu(@] T [Ku@)] T [Dua@  Dua(@] T) T [00m]”

(@

(2.44)
where Ga(Q),Ka(CI) € R™, Gu(q):Ku(q) € R™™, and Dy, € R™™, Dy, € IRmx(nfm)’ Dya €
R=mxm e RO=mX(=m) We can simplify the expression while leveraging the structure
of J;T

My.aa(q) M(p,au(q):| [wa(q 9 +[ A7) (Ga(@)+ Ka(q) } [ a(q)] [T]
Mpuwa(@)  Mopuu(q) Nou(@ | ¢ |~Au(@) A71(9) (Gal@) + Kal(@) + Gu(@) + Ku(@)| T [Dpul@)| ¢ m

————
Dw(q)

n

(2.45)
where D,(q) > 0 € R™" is the damping matrix in actuation coordinates®

Dy(q)=J; () DJ; ' (g) >0,

[ Ay (Q)DaaA T(q) —A; l(CI)DaaA T(Q)AT(C])+A l(CI)Dua]
_Au(q)A (q)DaaA T(q)"'DauA (q) - u(q)A 1(q)Dua""Duu
(2.46)

’7¢,a(‘]= q) ER™", ’7¢p,u(qa g€ ]R(n—m)xn’ M(p,aa(q) eR™™, M(p,uu(‘]) € ]R(nim)x(nim): and M@,ua(‘]) €
]R(n—m)xm’ and M(a,au(Q) € ]Rmx(n—m)’

Assuming access to the inverse map q = h™!(¢p), we can also directly map the potential
and kinetic energy of the system into the new coordinates:

T(P((ps (P) = T(qs q‘)|q=h71((p)’qzjh—l (P’ U(p(q)) = U(q)’qzhfl(q))‘ (247)
Therefore, we can write the dynamics equivalently as

Mpaa(@)  Mpan@)| | [70a(q:9) 99, Vp(q) Doa(| . | 7
Mp.ua(q) M‘ﬂ’““(q)] o [W’U(q’ 9 ' [anuUt/)(Q)} ’ [D<p,u(Q)] v [Onm]  248)

with 9,U'(¢) = %U}/,(qo) € R" the potential forces.

FuLLYy ACcTUATED DyYNAMICS
Here, we note some expressions of the actuation space dynamics in the fully-actuated case
(i.e., n =m). For example, we can observe that

h(@=A"@eR™,  JHD=4"(9. Jm@=k"(@=4"(q). (249
which leads to the actuation space dynamics

A QMDA (@) p+ny(q.9) o+ A (Q(C(Q+K(@)+A (DA (@ ¢p=7,  (2.50)

M,(g)>0 Dy(q)>0
where
no(q.9) = A (9 C(q. PA (- A (M@ A (DA (@A " (g). (2.51)

8As D > 0 and rank(J;'(q)) = nVq € Q, we can conclude that D,(q) > 0¥q € Q, which will be crucial for the
stability proof of many controllers.
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Constant Actuation Matrix. In the case of a constant actuation matrix A(q) = A,
the map h(q) is now given by ¢ = ATq, which renders the damping matrix to not be
configuration-dependent anymore: D, > 0. Furthermore, the actuation space Coriolis
matrix simplifies to

no(q.9) = A7 C(q. ) AT (2.52)
Finally, in case of linear elasticity K(q) = S ¢, we can define
_aloaT
Ky(p)=A"SA™ ¢=S,0, (2.53)
540

where S, > 0if S> 0.

END-TO-END MAPPING FROM ACTUATION INTO TASK SPACE

At least in the fully-actuated case with a square matrix A(g), which we additionally also
assume to be invertible, we can formulate an end-to-end mapping of velocities and forces
between actuation and task space. Specifically, as ¢ = J; '(q) ¢ = A" "(q) ¢ (Pustina et al.,
2024a), we can state

=) @Qq=J QR (Do =] (DS (2.54)

[ —
]<p—>x(q)

where f € R are forces in task space.

2.3 MoDEL-BASED CONTROL

In this section, we review recently proposed closed-form controllers for soft robots that can
leverage advanced nonlinear models’. Many of these approaches appear throughout the
thesis, such as the P-satI-D+potential shaping controller in Section 6.2 and Chapters 10 and
11, the PD+ controller—augmented with backstepping to consider actuator dynamics—in
Chapter 8, and the operational space impedance controller in Section 6.3. This section
provides a high-level overview of the most common closed-form model-based control laws
developed for soft robots. For a more detailed discussion of these controllers, including
Lyapunov-based stability proofs, interested readers should consult the respective publi-
cations (Borja et al., 2022; Della Santina et al., 2023, 2020c; Pustina et al., 2022a,b). For
an in-depth study of controlling underactuated soft robots, we recommend the thesis by
Pustina (2025).

Unlike much of the existing literature, which formulates controllers in configuration
space (Caasenbrood and Nijmeijer, 2021; Della Santina et al., 2023, 2020c), we develop most
control laws directly in actuation space, which was only very recently made possible by the
mapping into actuation coordinates proposed by Pustina et al. (2024a), which we already
detailed in Sec. 2.2.4. This approach simplifies both the design and convergence analysis of
controllers—even for fully actuated soft robots, where the number of configuration variables
equals the number of actuators—especially when dealing with configuration-dependent
actuation matrices A(q) that are common in tendon-driven soft robots. The limitation of this

“Please note that this excludes approaches relying on linear/linearized models such as LQR and that model-based
controllers that are not available in closed-form, such as MPC, are out of scope of this thesis.
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strategy is that it requires establishing a mapping into actuation coordinates to formulate
the dynamics in actuation space, as shown in Section 2.2.4, which might not always
possible. Additionally, experimental validation of actuation-space controllers remains very
limited (Pustina, 2025; Stolzle et al., 2024b).

2.3.1 PRELIMINARIES
PROBLEM STATEMENT
The literature on closed-form model-based controllers generally considers two problem
settings (Sciavicco and Siciliano, 2012): setpoint regulation and trajectory tracking. Typically,
a reference trajectory is represented by the tuple (q%(t), ¢4(t), §%(t)), which comprises the
desired configuration, velocity, and acceleration at each time step. For trajectory tracking,
our objective is to design a controller that enables the soft robotic system to follow the
reference trajectory, and specifically its positional references, as precisely as possible while
rejecting any disturbances

lim (¢(5)~ (1)) =0y, (2.59)

The trajectory tracking controller proposed by Della Santina et al. (2020c) requires both
q4(t) and ¢%(t) to be bounded. Therefore, they mandate two positive constants Y ¥Yg >0
to exist such that

l* Dl <ye  1§°OI < g (2.56)

Alternatively, if only the final goal of the motion is of interest, the problem can be simplified
to a setpoint regulation scenario, where the controller drives the system toward a desired
configuration ¢¢ (with ¢¢ = 0). Then, we would like to design a regulator that achieves the
following asymptotic convergence

lim (g~ (1)) = 0. (2.57)

Note that these motion references—whether setpoints or trajectories—can be specified
not only in configuration space but also in various coordinate frames, a topic we discuss
further in the subsection Coordinate Frames.

CoNTROL DESIGN OBJECTIVES

When designing a model-based controller, we often balance several, sometimes conflict-
ing, objectives. The following section outlines a selection of these criteria, enabling a
comparison of the tradeoffs between various model-based controllers.

» Control Frequency/Computational Complexity. In this thesis, we aim to de-
rive a control law in closed form, which greatly enhances computational efficiency
compared to, for example, optimization-based methods and supports higher control
frequencies. This improvement not only boosts performance but also reduces the risk
of instability in feedback controllers. When a closed-form control law is available,
the computational complexity is determined by (a) the complexity of the model and
(b) the specific model terms that must be evaluated for the controller. For instance,
a potential shaping controller, which requires only knowledge about the potential
forces, is computationally more efficient than a computed torque controller that
necessitates evaluating all the dynamical matrices within the EOMs.
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« Stability. Our goal is generally to achieve exponential Global Asymptotic Stability
(GAS) of the closed-loop system. This is best demonstrated in setpoint regulation
scenarios, where the system should converge to a specified setpoint regardless of its
initial state and do so at an exponential rate (Khalil, 2002). If exponential convergence
is unattainable, we still aim for asymptotic stability, which ensures convergence
but without a guaranteed rate. At a minimum, we require local asymptotic stability
around the setpoint, meaning that if the system state starts within a certain region
of attraction, it will stabilize at the setpoint. However, if initialized outside this
region, the system may not converge due to the presence of other stable or unstable
equilibria.

Control Effort. To facilitate energy-efficient (mobile) robots, we strive to minimize
the power consumed by the actuators, which includes both the applied force/torque
7 and the corresponding actuator velocity fi. Since the necessary steady-state force
is typically determined by the soft robot’s design and the task at hand, our focus is
on reducing the control effort—often defined as the integral of 7 over time—which
in turn reduces the required actuator velocity and overall power consumption.

« Compliance. To complement the inherent mechanical compliance of soft robots,
the controller should also be compliant. This means designing feedback controllers
with minimal integral gains to avoid compromising stability margins and potential
safety issues, as well as using low proportional feedback gains to prevent increasing
the closed-loop stiffness—ensuring the robot retains its desired softness. Model-
based control approaches actually generally allow us to analyze the closed-loop
compliance (Stella et al., 2023d) and to certify that they match the task requirements.

« Robustness. Model-based controllers leverage our understanding of system behavior
to craft intelligent feedback and feedforward components that simplify control.
However, as Box (1976) aptly noted, “All models are wrong.” Controllers that rely on
perfect model knowledge to cancel out most of the system dynamics, such as those
based on feedback linearization, are highly sensitive to modeling errors. When the
modeled dynamics are canceled, any unmodeled dynamics can quickly dominate,
potentially inducing instability and poor performance. In contrast, model-based
feedforward controllers, employing partial cancellations or energy shaping, tend to
be more robust to modeling errors, as they reshape rather than entirely eliminate
the open-loop system dynamics.

COORDINATE FRAMES
In the following section, we introduce several coordinate frames for designing control laws
and outline the advantages and disadvantages of each approach.

Control in Configuration Space. As introduced in Sec.2.1, the configuration space is
typically defined by the kinematic variables that parameterize the soft robot’s backbone
shape, which is why control in this space is often referred to as shape control. One advantage
of designing a controller in configuration space is that the robot dynamics are naturally
defined here, as seen in (2.22), making it simpler to derive the control law and prove
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its stability. However, there are disadvantages: (a) establishing a consistent reference in
configuration space can be challenging since the key motion is often specified in operational
space, and in underactuated settings, not all configurations can be statically achieved by
the actuators (Della Santina, 2025); and (b) mapping control inputs defined as generalized
torques into an actuation 7 can be difficult—especially when A(q) exhibits singularities or
when the soft robot is underactuated, which requires specialized controllers (Pustina et al.,
2022b).

Control in Actuation Space. To address the challenges of mapping generalized torques
into actuator signals, we can exploit the collocated dynamics (Pustina et al., 2024a) pre-
sented in Sec. 2.2.4 to design controllers directly in actuation space. Even in underactuated
scenarios, the first m actuation coordinates ¢, are directly influenced by 7 through an
identity actuation matrix, significantly simplifying the derivation of controllers. In prac-
tice, a configuration-space reference (q¢, ¢%) can be transformed into an actuation-space
reference using

o'=h(gh), ¢ =h(gHq =)+ (2.58)

This approach not only simplifies the mapping of control inputs into an actuation 7
but also makes it easier to enforce actuator limits. Nevertheless, devising a consistent
actuation-space reference, specifically one that is statically or dynamically feasible, remains
a challenge.

Control in Operational Space. In this setting, we use the dynamics defined in (2.25) to
directly design a controller in operational space (Khatib, 1987). Typically, the operational
space reference’s dimensionality o must satisfy o < n. Operational space impedance con-
trollers are particularly popular because they allow for direct specification of operational
space stiffness and damping characteristics, which is crucial for robot-environment inter-
actions. Additionally, since the reference is provided directly in operational space, complex
inverse kinematics routines are unnecessary. However, disadvantages include the lack of
formal stability guarantees—especially regarding the null-space dynamics—and the greater
difficulty in considering actuator limits.

In the following sections, we will generally define the control law as a function of
the robot configuration g and its time derivative ¢, since mapping into operational space
via the forward kinematics y = 7(gq, s) or into actuation coordinates through ¢ = h(q) is
usually straightforward if needed. The same applies to the control reference, as discussed
in the next paragraph.

Taxonomy OF CONTROL TERMS

Most controllers considered in this thesis consist of two components: either (a) a pure
feedforward or mixed feedforward-feedback term that leverages model knowledge and (b)
an error-based feedback term. Specifically, a control law 7(t, g, ¢) can be decomposed into

7(t,0.6.¢% 4%, 4% = tan(t. 4. 9.9, 4%, 4 + Too(t. 0. 4. 4%, 4. (2.59)
Model-Based Error-Based Feedback
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Here, tip(t,4q,q) : RxR"xR"™ — R™ denotes a model-based term—not necessarily a pure
feedforward!—while 7p,(t, g, §) is an error-based feedback term that does not incorporate
any model knowledge. To simplify the notation, we will thereafter not explicitly state the
dependence on the reference (¢4, ¢4, 9.

In the following sections, we introduce a range of approaches for error-based feed-
back and model-based terms that can be combined quite flexibly. Finally, we highlight
several control strategies that closely integrate these model-based and feedback compo-
nents, including a computed torque controller based on full feedback linearization and an
operational space impedance controller.

2.3.2 ERROR-BASED FEEDBACK TERMS
In this thesis, we consider the following formulation for an error-based feedback controller

T = Kp (02(8) — pa()) + Ki /O o (03— pa(t)) dt’ + K (¢2() = pa(t)),  (2.60)

where K, K, Kq € R™™ are control gain matrices, which we usually choose to be diagonal.
o(r) : R™ — R™ is a function that transforms the control error ¢d(t) — p,(t) before inte-
gration. From this general formulation, we can derive several specific versions, which we
outline below.

PID Control. A standard PID controller is obtained by setting the saturation function as
the identity, i.e., 0(r) = r. We have used this feedback controller as a baseline in Chapters 6
and 8.

PD Control. The PD+ variant (Kelly, 1997), commonly employed for the low-level control
of rigid robots, is realized by combining a PD controller with static force compensation. In
practice, this is achieved by setting K; = 0.

P-satl-D Control. Pustina et al. (2022a) introduced an integral-saturated PID for the
shape regulation of soft robots via error-based feedback control. A typical choice for the
saturation function is o(r) = tanh(y r), where y € R, is a control gain that compresses the
control error prior to saturation. We implement this integral-saturated PID in Section 6.2
and Chapters 10 and 11.

2.3.3 MoODEL-BASED TERMS: THE FULLY ACTUATED CASE

First, we consider common model-based terms for the fully actuated setting (i.e., n = m).
Please note that for all controllers introduced below, we assume that (1) the model is
reasonably accurate—or that sufficiently high feedback gains are chosen, as it is the case in
high-gain control (Marino, 1985),—and (2) the integrability condition (Pustina et al., 2024a)
along with the mapping into actuation coordinates can be identified. Furthermore, (3)
we assume that the square matrix A(g) € R™" is invertible for any q € R", at least locally
within the relevant workspace.

1A pure feedforward term would have the signature 7(t), as it depends solely on the time-based reference (qd, qd)
rather than the current soft robot state (g, ¢).
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For setpoint regulators, we additionally assume that (4) the setpoint g¢/ ¢ is an attain-
able equilibrium of the underactuated system (Pustina et al., 2022b)—meaning it satisfies

G(g") +K(g") = A(g") ™, 2.61)

for a constant control action 7%°—and that (5) the system is initialized within the refer-
ence’s region of attraction. For controllers where GAS can be proven, this condition is
inherently satisfied; however, many controllers only exhibit Local Asymptotic Stability
(LAS). In the latter case, the region of attraction can often be expanded by increasing the
proportional feedback gains to enhance the system’s stiffness that comes with a loss of
compliance (Della Santina et al., 2017, 2023) or by canceling some non-convex potential
forces via nonlinear feedback. Additionally, (6) the actuator must be fast enough in track-
ing its reference (u4, ) so that we can approximate 7¢ = 7(y, i), where r¢ denotes the
desired actuation/control input and (g, i) represents the actual forces, torques, currents,
or pneumatic pressure generated.

Finally, many controllers formulated in actuation coordinates have not yet been tested in
simulation, and most have not been experimentally verified, as the mapping into actuation
coordinates was only very recently proposed (Pustina et al., 2024a).

SETPOINT REGULATION WITH FEEDFORWARD COMPENSATION

The following pure feedforward term regulates the system towards the setpoint ¢¢ = h(g%)
in actuation coordinates (Borja et al., 2022; Della Santina et al., 2023; Kelly and Salgado,
1994; Pustina, 2025)

b = 9o Uyp(0®) = A7 (¢%) (G(gH) + K(g%)). (2.62)

This controller with constant control input 7.y, is often also referred to as an energy or
potential shaping feedforward term (Borja et al., 2022). Oftentimes, this pure feedforward
term is complemented by a feedback controller that contains a PD-like term (Della Santina
etal, 2023), e.g., (g, 9) = K, ((pd - (p) — K4 ¢, which renders the closed-loop dynamics to
take the form

Mp(@) G+ 15(q Q) ¢+ Up(9) = 3, Uip(0M) + Kp (¢ — 0%) + (Dy(@) + Ka) ¢ = 0n. (2.63)

As mentioned already before, for this regulator to be effective, (pd needs to be an attainable
equilibrium of the system. The stability of the regulator can be demonstrated via the
Lyapunov candidate (Della Santina et al., 2023)

V(.0 = 5 0T M @) 0+ Vilo)= V(o)

R ——
Kinetic Energy Centered Potential Energy
- - T T/ — 1
+ (G @N+KET @) AR @ (0= 0)+ S -0 K (ot g)
Correction Term Artificial Potential Energy of Feedback
(2.64)

which is a valid Lyapunov function - fulfilling the requirements V(¢9,0,) = 0 and V(¢, ¢) >
0V (¢, ) € (R",RM)\{(¢%,0,)} - if the closed-loop potential energy is locally or globally
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convex

2
%U(ﬂ(‘ﬂ) 1Ky = 2 (A7 ) (G (oD + KT (9)))|  +Kp =0 (265)
¢ p=0! 99 o=¢?

The Lyapunov function exhibits the time derivative (Della Santina et al., 2023)
; - I T .
V(9,9) =" Mp(h™ (@) g+ 5 @7 Mp(h™ () 9= 97 (9 Vp(0) =0, Up(0) + Ky (9= )

= =0 np(g.9 ¢+ % 0" Mp(@) 9+ ¢" (Dyp(h™ () + Ka) (=),

=—¢" (Dy(h ' (9)+Ka) §<0 Vo, pE€R™
(2.66)

Finally, as V(¢) <0V ¢, ¢ € R", asymptotic stability can be proven via LaSalle’s invariance
theorem (Khalil, 2002) as ¢ is a static equilibrium of the closed-loop system.

In the following, we will discuss the stability properties of the controller in more detail.
If the open-loop potential energy of the soft robot, consisting of elastic and gravitational
terms, is globally convex

i 9 (4-1pp-1 -1 -1
GA Ve = (A7) (G DK )| 0 e
o=¢ P=¢

what is sometimes also referred to as the soft robot being elastically dominated (Borja et al.,
2022; Della Santina et al., 2023; Pustina, 2025). This means that the robot is considered to
be relatively stiff and able to withstand gravity. In such case, the proportional feedback
term is not strictly necessary (i.e., we can set K, = 0nxp, and ¢ is still an asymptotically
stable equilibrium of the closed-loop system. In turn, when the open-loop potential energy
of the soft robot is non-convex, we can still stabilize the system locally or even globally by
choosing sufficiently large proportional feedback gains K, > 0. This, however, comes at
the cost of increased system stiffness, reduced compliance, and enlarged risk of instability
because of measurement noise. A derivative feedback term is not necessary as for soft
robots generally D,(¢) > 0V ¢ € R". Still, we can increase dissipation by choosing Kq > 0.

We leverage such a potential shaping feedforward term in Chapters 6, 10-11 of this
thesis. The controller exhibits great robustness to modeling errors and measurement noise.
Also, it is computationally extremely efficient as the controller only needs to be evaluated
once per setpoint. However, this comes at the cost of the necessity for increased feedback
gains to ensure (global) convergence. Also, exponential convergence is not guaranteed.

SETPOINT REGULATION WITH GRAVITY CANCELLATION AND COMPENSATION OF
EvrasTIC FORCES

When the elastic potential is convex but the gravitational potential makes the overall poten-
tial energy non-convex, we can lower the required (proportional) feedback gains—compared
to the Setpoint Regulation with Feedforward Compensation controller—by canceling rather
than compensating for the gravitational forces. The control law is then given as (Della Santina
et al., 2020c)

Tmb(q) = A7 () G(q)+ A (gD K(g"), (2.68)

Cancel Gravity Comp. Elasticity
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leading to the closed-loop dynamics

My(9) ¢+ 11(q.9) ¢+ A (DK (@)= AT (qDK(g) + Dy(@) § = (. 0.),  (269)
which we can rewrite, assuming that a PD term is part of the feedback as

Mp(Q) 9+ 1,(q.9) ¢+ A W (@D K (9)) = A (W (@ N K (0N + K, (9— ¢°) + (Dyp(q) +Ka) ¢ =0y,
(2.70)

which is asymptotically stable if the elastic potential U7, x(¢) is locally or globally convex

9? d ;1 _

— V,px(p) +Ky = — (AT (W (@) K(h ' (9))) +Kp, > 0. (2.71)
99 p=p4 9¢ p=p¢

This can be shown via the Lyapunov function (Della Santina et al., 2023, 2020c; Khallil,
2002)

V(0.0)= 5 0" My @)+ V(@)= Vpr(9)

Centered Elastic Potential Energy

Kinetic Energy (2 72)
_ T, 1 :
KT @NATE @ (0" -0)+ S ("= K (0 -0)
Correction Term Artificial Potential Energy of Feedback
with the associated time derivative (Della Santina et al., 2023)
V(g.9)=—¢" (Dp(h™(p))+Ka) §<0 Vo, p€R" (2.73)

If the condition from (2.71) is locally met for ¢ = ¢, then the setpoint ¢ is locally asymp-
totically stable. If the convexity condition is met V ¢ € R", then the setpoint is globally
asymptotically stable.

Here, it is easy to see how the proportional feedback gain makes the robot stiffer and,
with that, can potentially allow for the system to be stable even when the open-loop elastic
potential is non-convex. Still, this comes at the cost of decreased compliance and decreased
robustness against measurement noise. In the case of the actuation space elastic potential
being convex, i.e., % (A7Y(h ' (9))K(h™1(¢))) > 0, then the proportional feedback gains
are not necessary and can also be chosen as zero. An interesting case is also when (i) a
constant actuation matrix A(q) = A, which is, for example, the case for many pneumatically-
actuated soft robots, together with (ii) and a convex configuration space elastic potential,
as for example the case for linear elasticity K(g) = S g, where S > 0. Then, the closed-loop
dynamics are given by

Mp(@) ¢+ 15(q. @) ¢+ Sp(@— ¢+ Dy ¢ = T0,(t, ¢, 9, (2.74)

which renders ¢9 to be globally asymptotically stable. We leverage such a controller in
Chapter 6 of this thesis.
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SETPOINT REGULATION WITH CANCELLATION OF STATIC FORCES

Akin to PD+ (Kelly and Carelli, 1996; Paden and Panja, 1988) controllers originally developed
for rigid manipulators, we can fully cancel the static, including gravitational and elastic,
forces of the soft robot dynamics via nonlinear feedback and achieve setpoint regulation
solely based on the potential field established by the (proportional) feedback term. The
associated control law is given by (Patterson et al., 2024; Pustina, 2025)

tmb(q) = A7 (q) G(q)+ A (q)K(q) (2.75)

Cancel Gravity ~ Cancel Elasticity

which results in the closed-loop dynamics

My(q) ¢+ 14(q.9) @+ Dy(q) ¢ = tep(t. q, 9, (2.76)

where the potential of the system is now fully dominated by the feedback controller. Such
a closed-loop system with a proportional feedback term, for example,

My(q) §+1y(q:9) ¢+ Ky(@— 9" +Dy(q) ¢ = 0y, (2.77)

is for any positive proportional gain K}, > 0 € R™" globally asymptotically stable - even for
small gains. This can be proven using the Lyapunov function

. 1 _ 1 T
V(p.)= 50" My (@) o+ (0=0") Kp (0= ¢"), (2.78)
that exhibits an associated time derivative of

V(p.9)=—¢ ' Dy(h ™ (9))9<0 Vo, €R", (2.79)

as D,(h™'(¢))) > 0¥ ¢ € R". By applying LaSalle’s invariance principle, GAS with respect
to the equilibrium ¢¢ can be established (Khalil, 2002). However, this guarantee of global
convergence—even for configuration-dependent actuation matrices A(q)—may come at the
expense of robustness. In particular, with low proportional feedback gains Kj,, unmodeled
system dynamics might dominate, leading to steady-state errors or even instability.

TRAJECTORY TRACKING WITH FEEDFORWARD COMPENSATION

In the following, we will assume the actuation matrix to be constant with A(g) = A. Then,
extending the previously presented setpoint regulator with feedforward compensation, we
can design a trajectory tracking algorithm with feedforward compensation as (Della Santina
et al., 2023; Kelly and Salgado, 1994)

Tnb (1) = My(g(0) §(0) + (g (1). (1) (1) + Dy ¢ () + A7 (G(q (1) + K (g (1)) .
Compensate Dynamic Forces Compensate Static Forces

(2.80)
This controller is locally asymptotically stable, assuming sufficiently large proportional
and dissipative feedback gains Kj,, Kg > 0. We refer the interested reader to Della Santina
et al. (2023); Kelly and Salgado (1994) for the full proof. The advantages and disadvantages
mirror the ones of the Setpoint Regulation with Feedforward Compensation controller: robust
against modeling errors and measurement noise and requires relatively high error-based
feedback gains that come with a loss of compliance.
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TRAJECTORY TRACKING WITH MIXED STATE FEEDBACK
In the following, we assume that the actuation matrix is constant, i.e., A(q) = A. Moreover,
since this controller is particularly well-suited for soft robots with a convex elastic potential,
we assume linear elasticity K(q) = Sq with S > 0. Note that the controller would still
converge globally for any convex potential field—or locally for non-convex elastic potentials
provided sufficiently high feedback gains are used. For a more detailed discussion, please
refer to the section on Setpoint Regulation with Gravity Cancellation and Compensation of
Elastic Forces.

A trajectory tracking controller that employs full state feedback, except for compen-
sating instead of canceling elastic forces, can be formulated as (Della Santina et al., 2020c;
Kelly and Carelli, 1996)

Tab(t, 4, §) = Myp(q(1)) 9%(1) + 1,(q(1), 4(1)) ¢4 () + A G(q()+ Sy @*(1)+ D, ¢%(1)

Rigid Manipulator Nonlinear PD/PD+ Shaping Soft Robot Impedance
(2.81)

where S, = A" SA™T > 0 € R™". This leads to the closed-loop dynamics
My(a(0) (#(5) = 4(0) + 1 (0. 4(0) (9(D) = 6°(1) +, (0(8) = 9*(1)) + Dy (9(1) = (1)) = 758, 0. ).
(2.82)
The goal is now to show that the closed-loop error dynamics, which are defined as

M, (q() &)+ (n,(q(1), 4(1)) + D) é(t) + S, e(t) = 711 (t, 4, ), (2.83)

with e(t) = o(t) — p3(t) € R", é(t) = ¢ — ¢%(1), and &(t) = ¢(t) — $9(t) asymptotically
converge to zero: lim;_ . e(t) = 0. Even without an error-based feedback term (i.e.,
(1, ¢, ¢) = 0), the asymptotic convergence to the trajectory (¢9, ¢%) can be shown via the
Lyapunov function

1 1
V(e €)= 5 T (1) M, (h" (%)) e(t) + 5 e' (1) (S, +Ka) e(t), (2.84)

that exhibits the time derivative
V(e)=—¢" (Dy+Kq) 6<0 VéER", (2.85)

by applying Barbalat’s Lemma (Della Santina et al., 2020c; Slotine et al., 1991). Here,
Kp,Kq € R™" > 0 are any PD feedback gains that are optionally applied.

2.3.4 MoDEL-BASED TERMS: THE UNDERACTUATED CASE
PRELIMINARIES
In the following, we will consider the underactuated where m < n. As underactuation is not
a primary focus of this thesis, we will only broach the subject. For a much more detailed
discussion, we refer the interested reader to the seminal thesis by Pustina (2025).

First, we need to revisit the definition of attainable equilibria. In the case of underactu-
ated soft robots, a setpoint ¢¢ = [(pgT (pﬂT]T = h(q%), where ¢ = [qu qST]T, needs to
be a solution to the equilibrium equation (Pustina, 2025)

A1 (GalgD) +Kalgh) ] _ [ 7 }

—Au(@) A71(qY (Galgh) + Kalgh) + Gulgh) + Ku(q?) (2.86)

On—m
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ZERO DYNAMICS IN THE REGULATION CASE

It is essential for the stability of the system to ensure that the zero dynamics of the system,
i.e, the last n —m, unactuated DOFs of the closed-loop dynamics, remain bounded. If the
zero dynamics are unstable, the system state will eventually diverge, even if initial stability
is observed from an input-output perspective (Pustina, 2025). For a regulator, that drives
the system towards ¢ = ¢4, ¢ = 0, the associated zero dynamics are given as (Pustina, 2025)

Mtp,uu(qda) Pu+ Utp,u(qda’ qd"‘) u+ a(puU¢(€0da) + D(p,uu(qda) Ou=0p—m (2.87)

where ¢ = [¢¢"  ¢7] gl = [0, di] " and p% = [od" o] " The Lyapunov function

1 - ,
V(pu ) = 5 @o Mpuu(h ™ (0)) gu+ Vp(p™), (2.88)

that is non-negative provided that both the elastic and gravitational forces are Lipschitz
and upper-bounded in their magnitude (Pustina, 2025), exhibits the time derivative

V(Pus pu) = —0¢ Dpuu(@™) pu <0 Vg% €R", ¢, e R™™, (2.89)

as Dy uu(q%) > 0. Subsequently, it can be shown that these zero dynamics are bounded and
converge to (¢u, Pu) = ((pg, 0) (Pustina, 2025), where (pf‘l is a solution to

9 d
v, ([“’3
a‘l)u Pu

SETPOINT REGULATION WITH FEEDFORWARD COMPENSATION
A setpoint regulator with feedforward compensation that shapes the potential of the
actuated coordinates is given by (Pustina, 2025)

_ 97/4;((,0)
mb =
0¢,

) =—Au(h 7 () AT (71 (0M) (Ga(h ™ () + Ka(h ™ (0h) + Gu(h ™ (9) + Ku(h ™ (9%) = 0pim.
(2.90)

= A, (Y (Galg) +Ka(g). (2.91)
P=¢

leading to the closed-loop dynamics

e A7) (Ga(@) + Kal@) — A7 (g (Ga(q) + Ka(q®) + Ky (02— 92) + Ko ] . [Donl@)] . _ [ om]
M@+ " g | #* — 409 A7 (@) (Ga(g) + Ka(@)) + Gul) + KulQ) 1Dyu(@)] 7 |00
(2.92)

where we assumed that the feedback controller 7¢,(¢, ¢) contains a PD with gains K, Ky €
R™™_These closed-loop dynamics are equivalent to

Mpaa(@)  Mpau(@)] .. [100(@ D] . . [00a Vip(0) = 9 V(9 + K (02— 08) +Ka §a] , [Dpa(@)] . _ [ Om
[M:ua(q) MZ,uu(q)] * [ngu(q, P N o U0 S )| Kl 1 R CES)
We can devise the Lyapunov candidate
. 1. - .
V(g.9) = ¢" My (@) g+ V(o) = Viplo™)
—_—
Kinetic Energy Centered Potential Energy
T (2.94)
oVy(9) d 1 d d
2 (gi—0a)  +5 (0a— 0D Ky (92— ¢)),
0Q, =gt 2

Artificial Potential Energy
Correction Term on Actuated Coord.
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which is valid if
o U, (@)

-0, (2.95)
dp?

+ [ Kp Omx(n—m)

o=¢d O(H*m)xm O(nfm)x(nfm)

which can be locally ensured by choosing K;, > 0 sufficiently large (Pustina, 2025). The
time derivative of the Lyapunov function is given as

V(p.9)=—¢" Dy(h™(¢)) o — 3 Kapa> 0 Vo, €R™ Ky >0, (2.96)

As previously mentioned, the statically attainable equilibrium (¢¢4,0,) is locally asymp-
totically stable for sufficiently large proportional gains Kj,. If the robot is elastically domi-
nated with
P Uplp) _ 9

9 (P\Zl B IPy

(At (@D AT (W () (Galh™ (@) + Ka(h ™' (9)) + Gu(h™ (@) + Ku(h ™' (9))) =0 Vo €ER",
(2.97)
the regulator additionally achieves GAS for a sufficiently large K, > 0 (Pustina, 2025).

Remark 1. The controller in (2.91) is equivalent to the energy-shaping controller Ty, =
AM(qh (K(gh+ G(qY)) as proposed by Della Santina et al. (2023) iff the left inverse is defined

as Al = A7! []Im Omx(n_m)].

a

Proof. We can substitute A"(¢%) until we obtain (2.91)
T = AY(q%) (K (") +G(g).
Ka(gD)+ Ga(qd)]

=4 [In Omeuom] [Ku(qd)+Gu(qd)

=A71(q") (Galg) + Kalgh).

(2.98)

Please note, though, that this statement generally does not hold if the pseudo-inverse is
chosen as the left inverse such that A¥ = A* = (ATA)1AT. O

SETPOINT REGULATION WITH GRAVITY CANCELLATION AND COMPENSATION OF
EvrAasTiCc FORCES FOR ELASTICALLY DECOUPLED SOFT ROBOTS

Elastically decoupled soft robots are defined as the generalized elastic force taking the
form (Pustina, 2025)

IV x

9Uw,l<( )= | e (¢a) :[ AW (@a)Ka (R (ga))
¢ ¢ aa;];]((ﬁou) _Au(h_l((Pu))A;l(h_l((Pu))Ka(h_l(ﬁou))+Ku(h_l(lpu)) ’

(2.99)
which is for example the case for A(q) = A and linear elasticity K(q) = S g, where S € R™"
is defined in a decoupled form

S:[ S Ometoom | (2.100)

0(n—m)><m Suu
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In this case, a regulator that cancels the gravitational forces and compensates the elastic
forces on the actuated coordinates

Woal0) | Vo@D _ yor oy 6,07 (o) + AT (o) Ku(h o),
9¢a IPa lpu=pt

- [N — Cancel Gravity Compensate Elasticity
Cancel Gravity  Compensate Elasticity

Tmb((p) =

(2.101)
renders the ¢, = ¢ to be globally asymptotically stable provided sufficiently large pro-
portional feedback gains K}, > 0 (Pustina, 2025). This system exhibits the closed-loop
dynamics

M(p,aa(q) M<p,au(q) n |:17¢,a(q9 q)

Myua(q)  Myuu(q) Nou(q,9) P+

Dyu(q)| ?
(2.102)

90, Vp (@) + 9, V()

We can use the Lyapunov candidate

V(g.¢) = % ¢" My(h™ () ¢ +?/¢,G(§0) ~Vpc.(9) = Ve (o) +  Vpx(9) = Upx(0?)

Centered Gravitational Potential Energy ~ Centered Elastic Potential Energy

Kinetic Energy
T
aV,(9) 1
—EZ (08—0a)  +2 (0a— 0D Ky (2= 03),
0¢a =gt 2

Artificial Potential Energy
Correction Term on Actuated Coord.

(2.103)

where

Vp6(0) = Vyp6,(0) + Ui, (), (2.104)

with UG, (¢) and U, g, (¢) the gravitational potential energy of the actuated and unactu-
ated coordinates, respectively. These quantities can be computed as

Vo, (0) = / A7(q) Galh™ (0)) o,

(2.105)
Vpau(0)= / —Au(h (@) AL (h71(9)) Ga(h ™1 (0)) + Gu(h™ () dopu,
and need to fulfill the properties
aU(p,Ga(W) _ aU(p,G((P) aU(p,Gu((p) _ aU(p,G((P)
= , = . (2.106)
29, a9, dPy Iy

This Lyapunov function has the associated time derivative

V(g @) ==¢" Dp(h ' (9)) ¢ — ¢4 Kaga>0 VY, p €R™ Ky =0, (2.107)

to analyze the stability properties in more detail.

atan(p,K(‘P) - awa‘u‘q),K((Pd) +Kp (‘Pa - ‘Pg) +Kq ¢a:| + [Dq),a(q) . [ Om

Op-m |
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2.3.5 UNIFIED CONTROLLERS

In the following, we will discuss some common closed-form model-based controllers that
cannot (easily) be separated into a model-based term and an error-based feedback term.
For simplicity, we assume in the following the fully actuated case - i.e., n=m, ¢ = @,,
M(p(q) = sz,a(q)a etc.

P-saTIl-D+POTENTIAL SHAPING

The P-satl-D+Potential Shaping controller consists of P-satl-D feedback term and the Set-
point Regulation with Feedforward Compensation model-based term. As we frequently use
this controller throughout this thesis, such as in Chapter 6 (underactuated version), and
Chapter 10 & 11, we will specify below the control law, assuming a constant actuation
matrix A(q) = A

(t.q.9) = A" (G(gH)+K(qh)

Model-Based Feedforward

+Kp (9'()— (1) + K /0 tanh (y (¢*(t") = p(¢))) dt’ + Ka (¢°(1) = ¢(1)),

Model-Free Feedback Term: P-satl-D
(2.108)

which generates the closed-loop dynamics
My(q) §+10(q.9) ¢+ A7 (G(@)+K(9) = G(g*) ~K(q") + Dy ¢

d . . d ' ’ dg,/ ’ (2'109)
+K; (9(D)— (1) +Ka (¢() — ¢° (D) +K; [ tanh (v (p(t) = ' (t")) dt’ =0y,
where K;,,K;,Kqg > 0 € R™" are the proportional, integral, and derivative feedback gains,
respectively.

FEEDBACK LINEARIZATION VIA COMPUTED TORQUE

The idea behind (full) feedback linearization (Slotine and Li, 1987; Spong et al., 2020) is to
cancel the existing dynamics of the robot and ensure that the closed-loop system exhibits
linear dynamics - usually established via a PD term. A computed torque controller for soft
robots assumes the form

7(t,0.9) = My(9) (Kp (0 = 0) + Ka (¢° = 9) + 3°) + (15(3.9)+ Do(9)) ¢+ A7 () (G(9) + K(9)),
(2.110)
where K, Kq € R™" are proportional and derivative control gains for tracking the desired
actuation coordinate and actuation velocity, respectively. The closed-loop dynamics read
as

My(q) (Ky (0= ¢") +Ka (¢ %)+ (6—-¢")) =0. 2.111)

After defining the control error as e(t) = ¢(t) — ¢(t) with é(t) = ¢(t) — ¢%(t) and &(t) =
@(t)— (1), the dynamics of (2.111) can be rewritten as

é(t)+Kqé(t)+ Ky e(t) =0, (2.112)
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which lets us notice that now linear dynamics govern with stiffness K, and damping factor
K4 govern the closed-loop system behavior. If we assume scalar control gains K;,,Kq € Ry,
these error dynamics converge exponentially fast to the global equilibrium e(t) = 0 with
decay time Kid Specifically, we can always choose the control such that the closed-loop

system exhibits a critically damped behavior % = /K. The evolution of the error is then
given in closed form as

K K
e(t) = <€0+ <é0+2d€o> (t—t0)> e ), (2.113)

where ey, €y are the initial error and its velocity at t,.

As seen in this derivation, computed torque controllers exhibit very nice stability and
convergence properties. However, this comes at the cost of requiring high control rates,
precise actuator motion, high control effort, and, most importantly, very accurate modeling
of the system dynamics. In case of modeling errors, the stability characteristics can be
lost, and the unmodelled dynamics can quickly become dominant. So far, computed torque
controllers have been verified for fully actuated soft robots in simulation (Boyer et al., 2006;
Pustina et al., 2024b), but to the best of our knowledge, not yet experimentally.

OPERATIONAL SPACE IMPEDANCE CONTROL

An operational space impedance controller uses partial feedback linearization to cancel

out the original task dynamics and replace them with a new set of linear dynamics in

operational space x € R". These new dynamics are defined by a stiffness matrix Ky € R%*°

and a damping matrix Dy € R%*°, which together drive the closed-loop system toward the

desired operational space reference xdeRe (Della Santina et al., 2020c; Khatib, 1987).
=A@ J@QR(@QE@+Dg)  + G )

N
N T(q)  Cancel Elastic & Diss. Forc. Acting on Task  Cancel Gravity

+A @ T@@)@-R@DJ@)d  +  T(@(KeGx*=x)-Dex) ).

Cancel Coupling of Null-Space Coriolis Force on Task PD for Shaping Operational Space Impedance
(2.114)

As noted earlier, the impedance controller relies on several key assumptions. It presumes
(a) full actuation (i.e., n = m), (b) that the matrix A(q) € R™" is invertible (Della Santina
et al., 2020c), (c) that the operational space—characterized by coordinates x € R°—has lower
dimensionality than the configuration space (i.e., m < n), and (d) that the null space is
asymptotically stable, a condition typically met when K(q) = Sq with § > 0 and D > 0.

In the following, we will guide the reader step-by-step through the control design.

First, we cancel the gravitational forces of the system via 74 = G(q). Please note that this
immediately ensures that gravity is not acting anymore on the closed-loop null-space
dynamics, which could potentially cause instability. Now, the updated operational and null
space dynamics are given by

Ax(q) 0ox(n—0)
O(n—o)xo An(Q)

5@ o _[%
I CORD

(2.115)

X
Vn

i

. +
Vn

[Uxx(q’ Q) an(q’ Q)
Mx(4,4)  1an(q,9)
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Next, we devise an operational space force f; € R°

fi = (@QEK(@+D)+1x(q.9) (I~ K(@J(@) g+ K (x!—x)—Dyx,  (2.116)
fko Frxn fep

that cancels the existing operational space dynamics, decouples the remaining null space
interactions, and establishes new linear dynamics with a tunable impedance and an asymp-
totically stable equilibrium at x¢ via a PD term. In more detail, the force fkp eliminates
the inherent elastic and dissipative forces in the operational space. Next, the term f;  is
designed to remove any residual coupling from the null space dynamics on the operational
space, specifically by canceling the null space Coriolis forces 1y, (q, ) V. To avoid comput-
ing the null space online, we bypass its derivation by performing the substitution outlined
in (Della Santina et al., 2020c; Ott, 2008).

f’]xn =1x0(q: @) vn = 1x(q: ) 4 — 1xx(q.9) ¢,
=1x(4:4) 4= 1x(q: ) (@) % = 1:(q. D ¢ — (g D (DT (@) g (2.117)
=1:(q.9) (T =KD J (@) ¢,

as x = J(q) ¢ and nx«(q, ¢) = 1x(q, ¢) J5;(q). The removal of the existing operational space
dynamics allows us then to establish the desired impedance. Specifically, PD term fpp
creates an artificial potential field Uy (x) = %xT Ky x and establishes dissipation which
ensures asymptotic stability of the operational space dynamics. This forcing f; results in
the closed-loop task and null space dynamics
i)
Vn "

[ AX(q) Oox(n—o)] x] +
Vn
(2.118)

O(n—o)xo An(CI)
We can extract several interesting observations by analyzing these closed-loop dynamics
in more detail. First, the operational space dynamics

Ky (x—x9) =Dy x
Z(@)(K(@)+Dq)

Uxx(q’ Q) Oox(n—o)
Unx(qa q) Unn(q> q)

A(Q) % + 1, @) % + Ky (x —x%) + Dy % = 0, (2.119)

now mirror the ones of coupled damped harmonic oscillators. Furthermore, similar to the
computed torque controller, we can readily demonstrate that the closed-loop operational-
space dynamics converge exponentially fast to the global asymptotic equilibrium x4!*. In
line with the previously introduced setpoint regulation controllers that cancel gravitational
forces while compensating for elastic forces, we do not entirely eliminate the null space
dynamics. Instead, we enhance robustness against disturbances and modeling errors
by preserving the system’s natural elasticity and dissipation while only removing the
gravitational forces. This approach yields closed-loop null-space dynamics that settle in
steady-state at the (local) minimum of their potential field.

After designing the desired forces in operational space f;, the control input can be
derived via a projection into configuration space. First, f; is mapped into configuration
space, resulting in a combination of the projected operational space forces and gravity
cancellation: 7 = JT(q) f + G(q). Finally, by applying the inverse of the actuation matrix,

1p]ease note that this does not automatically prove the stability of the null-space dynamics.
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the control input based on the desired configuration space torques is obtained as 7 =
AN (@) 1q.

We propose a variation of this operational space impedance controller tailored to the
Cartesian control of underactuated planar HSA robots in Chapter 6.






55

3

TOWARDS QUANTIFYING THE
SAFETY OF SOFT ROBOTS

Foreword. Traditionally, the robotics community has focused on achieving safety through
computational intelligence—constraining motions within safe state sets, avoiding obstacles,
and using compliant controllers like impedance control. In contrast, one of the most
fascinating and promising features of soft robots is their intrinsic compliance due to
material softness. However, the safety achieved by soft robots has yet to be quantified,
preventing us from determining whether they are indeed safe and how much safer they
are compared to (collaborative) robots—a crucial factor in motivating soft robotics research
and development. Moreover, the community often emphasizes the correlation between
material softness and safety, while overlooking other important factors such as mass
density, operating conditions, and control policy. This lack of understanding about the
factors that significantly influence soft robot safety often leads to overly soft designs
that suffer from degraded performance in practical tasks (e.g., limited payload capacity,
imprecise or oscillatory motion). Since control is a central focus of this thesis, it is vital
to identify which controller characteristics affect the safety of the closed-loop system, an
often overlooked aspect in the soft robotics domain, and how to design controllers that
maximize performance while preserving safety. Therefore, this chapter focuses on deriving
a quantitative safety metric for soft robots.

M.S. conceived and led the project, derived and implemented the safety metric, characterized its behavior, and
wrote the manuscript. N.P. and E.S. contributed Figures 3.1 & 3.2. C.D.S. and G.Z. supervised the project and
contributed funding.
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Abstract. As we work toward integrating robots into human-centric environments, it is
crucial to ensure safety without overly constraining robot design or behavior. Efforts to enhance
robot safety have a long history, primarily focusing on improving control systems to make
them safer and more compliant. Soft robots offer a fundamentally different approach to
this challenge by achieving safety through the passive compliance of their entire structure.
Despite significant advancements in soft robotics over recent years—spanning novel actuators
to sophisticated model-based control methods—one of the field’s core promises, safety, has
rarely been systematically studied. Notably, there is a lack of a quantitative metric to evaluate
how safe a soft robot truly is. Moreover, most existing studies oversimplify the concept of
safety, equating it to material softness. In reality, the safety of a closed-loop system depends
on multiple factors, such as topology and control strategies. This narrow focus often results in
suboptimal soft robot designs, such as robots that are too soft to handle practical payloads
effectively. A quantitative safety metric would enable designers to evaluate and balance the
tradeoff between safety and performance, leading to more optimal designs that meet safety
requirements without sacrificing functionality. In this chapter, we outline the essential criteria
for a safety metric tailored to soft robots. We then propose a metric that assesses injury severity
based on the maximum contact pressure during a collision, aligning with established standards
for collaborative robots. Finally, we characterize the proposed safety metric on continuum soft
robots modeled using the PCS parametrization.
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3.1 INTRODUCTION

s noted in Chapter 1, the soft robotics community often highlights the “intrinsic
A safety” and natural compliance of soft robots (Abidi and Cianchetti, 2017) as a key
advantage over conventional rigid robots and even cobots (Laschi and Cianchetti, 2014;
Rus and Tolley, 2015; Yasa et al., 2023). Yet, in contrast to established scientific practices,
the safety improvements of continuum soft robots compared to rigid manipulators have
not been rigorously quantified. We believe it is essential for the community to validate
intrinsic compliance as a fundamental benefit of soft robots, thereby justifying continued
investments in their research and development (Hawkes et al., 2021).

Moreover, in the absence of clear guidelines for determining the optimal level of
safety, designers currently tend to favor overly compliant materials. Many treat the
challenge as a trade-off between performance/precision and softness, assuming that higher
material compliance automatically results in enhanced safety. However, we find that
this oversimplifies the matter; in reality, the lightweight nature and numerous/infinite
DOFs exhibited by soft robots significantly enhance their safety, and the control approach
also has a considerable influence. Furthermore, choosing materials that are too soft can
undermine the robot’s effectiveness, leading to imprecise or oscillatory motions, reduced
payload capacity, and an inability to apply sufficient force to the environment (Cianchetti
et al.,, 2013; Hawkes et al., 2017; lida and Laschi, 2011; Majidi, 2014; Mazzolai et al., 2022).
We argue that framing the issue as merely a balance between performance and softness
oversimplifies the problem, since the safety of soft robots depends on both their body
(e.g., morphology) and their brain (e.g., control and perception systems). Formalizing and
quantifying this safety—performance trade-off would enable designers to find an optimal
balance that maximizes performance while ensuring the necessary safety, a consideration
that is particularly critical in human-centered environments.

Beyond safety-aware design, we expect that a comprehensive safety metric will be
invaluable for other applications, such as the safety certification of soft robotic designs
and safety-aware control, where the controller adjusts its actions to continuously meet
required safety levels. After discussing these potential applications in detail, we establish
the requirements a safety metric must satisfy for these purposes. We then introduce a
new model-based safety metric for soft robots by extending the injury criterion from
the existing ISO norms for collaborative robots (Standard, 2016). Our approach modifies
the underlying model to capture key characteristics of soft robots, such as their elastic
structures—which deform under internal actuation and external forces—and the possibility
of collisions occurring along their entire body. By modeling the contact interactions
and collision dynamics between soft robots and humans, and analogously to ISO/TS
15066:2016 (Standard, 2016), we use the maximum contact pressure during a collision as a
proxy for injury severity. Instead of relying on computationally expensive simulations, we
develop a conservative approximation of the collision dynamics that allows us to compute
the maximum contact pressure in closed form. Importantly, our safety metric considers
the closed-loop system dynamics, incorporating the control policy when assessing injury
severity. It is proposed in two variants: the Soft Robot Injury Severity Criterion (SRISC),
which calculates injury severity for a known soft robot state, control input, and contact
geometry (e.g., the specific point of contact and collision direction), making it especially
suited for safety-aware control applications; and the Soft Robot Design Hazardousness
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Criterion (SRDHC), which evaluates safety across all possible contact geometries and robot
states within a given operating envelope. We envision the SRDHC as the metric of choice
for both safety-aware design and design safety certification.

3.2 TOwARDS QUANTIFYING THE SAFETY OF SOFT RoBOTS

In the following, we contextualize the topic by reviewing the literature on how safety has
been assessed and quantified in the realm of robotics before, where almost all prior work
is on the safety of industrial and collaborative rigid robotic manipulators. Subsequently,
we will motivate the need for a quantitative safety metric for soft robots by showcasing
future applications that such a metric would enable. This will then allow us to define a list
of requirements for characteristics that a safety metric needs to exhibit.

3.2.1 BACKGROUND ON SAFETY CRITERIA FOR ROBOTIC MANIPULA-
TORS

A safety criterion is defined as a measure of the potential injury severity resulting from a
collision between a machine and a human (Haddadin, 2013). Given the scarcity of literature
on the safety quantification of soft robots (Abidi and Cianchetti, 2017), we will primarily
concentrate on work related to establishing safety criteria for rigid, and specifically collab-
orative, robots (De Santis et al., 2008; Haddadin, 2013; Zinn et al., 2004a). In particular, we
want to highlight the seminal work by Haddadin (2013) as well as the established interna-
tional regulations that ensure safe robot (e.g., cobot) behavior in collaborative human-robot
settings.

MOTIVATION
Various factors have motivated the robotics community to assess robot safety and de-
velop corresponding criteria (De Santis et al., 2008; Van Diepen and Shea, 2018). First, by
understanding the key safety-related factors, we can enhance robotic designs and control al-
gorithms (Albu-Schéffer et al., 2007; Bicchi and Tonietti, 2004; Bischoff et al., 2010; Mansfeld
et al,, 2018; Park et al., 2011; Zinn et al., 2004b). Second, quantifying the injury risks associ-
ated with robots enables the establishment of minimal safety standards and constraints
on design and actuation—illustrated, for instance, by ISO 10218-1:2011 (ISO 10218-1: 2011,
2011) for industrial robots and ISO/TS 15066:2016 (Standard, 2016) for collaborative robots.
This process allows designers and manufacturers to certify that their designs are safe,
which is crucial for adoption by industrial customers and consumers. Third, modeling
injury risk and explicitly setting operational constraints paves the way for safety-aware
control and motion planning (Bertino et al., 2023; Ferraguti et al., 2020; Haddadin, 2013;
Lacevic and Rocco, 2011; Lacevic et al., 2022; Pupa and Secchi, 2024; Standard, 2016).
There are several approaches to achieving such safety-aware control. One well-
established method is the use of collision avoidance algorithms (Haddadin, 2013), which trig-
ger evasive maneuvers when a force/torque observer detects contact or collision (De Luca
et al., 2006; Haddadin et al., 2008a, 2011a). However, this reactive approach has its draw-
backs—time delays (from observation and reaction times) and actuator limitations (due to
system inertia) may sometimes prevent injuries from being avoided. Moreover, aiming to
avoid contact altogether runs counter to the vision of close human-robot collaboration.
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To address these shortcomings, another strategy is to incorporate safety criteria di-
rectly into control and motion planning (Haddadin, 2013). A common approach is to define
kinematic constraints that inherently ensure safety. These constraints can be applied to the
robot’s joint-space or task-space positions—often referred to as danger zones in the litera-
ture (Lacevic and Rocco, 2011; Lacevic et al., 2022)—to maintain a safe separation distance
from humans (Standard, 2016) and ensure that the robot can always be slowed or stopped
in time. This can be achieved either by preventing the robot from entering unsafe areas, for
example, using safety filters (Bertino et al., 2023; Haddadin et al., 2010b), or by requiring
humans to steer clear of these zones during operation. Alternatively, kinematic constraints
can be defined in terms of maximum joint- or task-space velocities (Ferraguti et al., 2020;
Pupa and Secchi, 2024; Standard, 2016), enforced via direct saturation or optimization-based
techniques—such as MPC (Pupa and Secchi, 2024) or CBF (Ferraguti et al., 2020)—which aim
to preserve the desired task behavior (Haddadin et al., 2010b). Finally, dynamic constraints
(e.g., maximum contact force or pressure) may also be formulated and enforced through
MPC, CBFs (Ames et al., 2016), or additional safety filters (Hewing et al., 2020).

CLASSIFICATION OF COLLISIONS
Collisions between robots and humans are generally categorized as either blunt or sharp
contacts (Haddadin, 2013; Haddadin et al., 2009, 2011b). In blunt contact, the robot engages
with a human using a large, flat, or rounded surface, which spreads the force over a broader
area. Although this distribution may lower the risk of penetration, it can still lead to
injuries—such as bruises, contusions, lacerations (both crush and gash), internal injuries,
or even fractures—if the impact energy is sufficiently high (Haddadin, 2013; Haddadin
et al., 2009, 2011b). Conversely, sharp or acute contacts occur when the robot makes
contact with a small, focused area, like a point, edge, or any protruding element with a
fine geometry. Because the force is concentrated over a smaller area, sharp contact has a
greater potential for causing lacerations (cuts, stabs, or punctures) or abrasion wounds,
making even relatively low forces particularly dangerous (Haddadin et al., 2011a, 2010a).
Since sharp contact is most often caused by tool use or by other sharp elements along
the body of a (soft) robot, it can typically be avoided through an appropriate robot surface
design!. Consequently, our focus will primarily be on reviewing literature related to safety
criteria for blunt contacts (Haddadin, 2013; Haddadin et al., 2011a). Typically, injury severity
is analyzed separately for each body part (e.g., head, neck, chest, arm, eye, etc.) (Haddadin,
2013; Haddadin et al., 2008a), and safety criteria are often specialized to represent the
injury severity on a specific area®. Finally, collisions can also be classified based on
the contact scenario, distinguishing between quasi-static and dynamic interactions, and
considering whether injuries result from direct impact, clamping within the robot structure,
or secondary impacts with the environment following the collision (Haddadin et al., 2009,
2011b).

! According to Haddadin et al. (2011a), similar force-based techniques can be used to derive safety criteria for sharp
contacts as for blunt contacts, with the primary difference being that the relevant safety thresholds need to be
adjusted. For example, the pain/injury tolerance for uncovered skin is approximately 75+ 45N and 12.4 +4.9mm
for forces and deflection, respectively (Haddadin et al., 2011a, 2010a).

20ne exception is soft-tissue injuries caused by sharp contact, which generally apply across various body parts
(except for the eye), with the main variation being the lethal penetration depth (Haddadin et al., 2011a, 2010a).
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SAFETY CRITERIA FOR COLLABORATIVE ROBOTS

The safety criteria—often referred to as injury severity criteria—that have been proposed
for rigid robots can be broadly categorized into acceleration-, force-, stress/pressure-,
compression-, viscous-, and energy-based criteria (Haddadin, 2013; Haddadin et al., 2009).

Acceleration-based criteria are commonly employed to assess head injuries and, to a
lesser extent, chest injuries (Haddadin, 2013). Most acceleration-based head injury severity
measures were originally developed for automotive applications. For instance, the 3 ms
Criterion requires that the maximum 3 ms-average head acceleration during a collision
remains below 72 g (Got et al., 1978; Haddadin, 2013). Another notable example—and
the most widely adopted head injury index—is the Head Injury Criterion (HIC) (Versace,
1971), which evaluates the maximum acceleration integrated over a 36 ms period during a
collision (Haddadin, 2013). To our knowledge, the first adaptation of the HIC for the robotics
community (Bicchi and Tonietti, 2004; Zinn et al., 2004a,b), later explored further by Bicchi
et al. (2008); Haddadin et al. (2008b); Shin et al. (2008), spearheaded the research on safety
criteria for rigid robotic manipulators (De Santis et al., 2008; Haddadin, 2013). However,
subsequent studies have shown that many injury severity criteria originally designed
for automotive use—and in particular the HIC—are not well-suited as safety measures for
collaborative robots because (a) they are not properly calibrated for the accelerations typical
in human-robot collisions but instead are focused assessing the fatality of impacts, and (b)
even when the robots operate at maximum speed, which is approximately 2 m/s (Haddadin
et al., 2009) for common cobots (Albu-Schiffer et al., 2007; Bischoff et al., 2010), the resulting
injury level is assessed as very low on the EuroNCAP (EuroNCAP, 2004) scale. While this
might be acceptable for the relatively rare car crashes, even minor injuries are unacceptable
in human-robot collaboration settings (Haddadin et al., 2009, 2011b).

Force-based criteria (Kirschner et al., 2021a) evaluate the (maximum) contact force
experienced during a collision and are often used to assess the severity of neck and chest
injuries (Haddadin, 2013). In automotive literature, EuroNCAP (EuroNCAP, 2004) cites
a critical neck force of 1100 N based on biomechanical and forensic studies (Haddadin
et al., 2009; Madea and Brinkmann, 2019). ISO/TS 15066:2016 (Standard, 2016) establishes
a threshold for minor injuries—derived from biomechanical studies with adults (Muttray
et al., 2014b)—at quasi-static contact forces of 65—300 N, with the lowest pain threshold
applying to the face. It is important to note that in transient scenarios, humans can tolerate
roughly twice these force levels. In these assessments, a contact area of approximately
~ 2 cm? is assumed (Standard, 2016).

Pressure/stress-based criteria (Haddadin, 2013; Wassink and Stramigioli, 2007) are
closely related to force-based criteria, as they assess the maximum local ratio of contact
force to contact area. According to the ISO norm (Standard, 2016), these criteria are
pertinent for evaluating pain sensitivity and injury severity from blunt and even sharp
impacts across most body parts. Biomechanical pain tolerance studies (Muttray et al., 2014b)
have set the quasi-static contact threshold at 1.1 —3 MPa, with peak pressures measured at
a resolution of 1 mm? (Standard, 2016).

Compression-based criteria are particularly prevalent for modeling chest injuries (Had-
dadin, 2013; Haddadin et al., 2007). For instance, the Compression Criterion (Kroell et al.,
1974; Lobdell et al., 1973) stipulates that the maximum chest deformation should not exceed
22 mm. Viscous-based criteria take into account not only the (chest) deformation but also
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the associated velocity (Haddadin, 2013; Haddadin et al., 2007). An example is the Viscous
Criterion (Lau and Viano, 1986; Viano and Lau, 1985), also known as the soft-tissue criterion,
which multiplies these two factors; however, it is prone to measurement noise (Haddadin
et al., 2011b).

Energy-based criteria evaluate the (kinetic) energy transferred to a human during
a collision with the robot (Haddadin, 2013; Haddadin et al., 2011b; Standard, 2016). Such
energy criteria have been used particularly to assess head injury severity (Haddadin et al.,
2009), where a kinetic energy transfer of just 50 — 100 J can fracture the skull (Haddadin
et al., 2009). Additionally, ISO/TS 15066:2016 (Standard, 2016) has set maximum transferred
energy thresholds for other body parts—approximately 0.1] for the face and 2.6 ] for the
pelvis. Although the strength of this safety criterion lies in its integration of transient forces
over time, rather than just considering the (peak) contact pressure at a single moment, a
drawback is that it does not factor in the contact area (e.g., blunt versus sharp contacts),
which significantly influences injury severity in practice. This limitation is addressed by
considering normalized energy, also known as energy density, where the threshold is set
at 2.5]/cm? for soft tissue (Haddadin et al., 2011b). Energy density has also proven to be
an effective indicator for eye injuries (Haddadin, 2013).

The collision between a robot and a human (or a specific body part) is typically modeled
by representing them as two point masses, mg and myy, connected by a spring that captures
the serial elasticity of both the robot’s surface and the human soft tissue (Bicchi and Tonietti,
2004; Haddadin et al., 2009; Standard, 2016). This model facilitates the straightforward
evaluation of the safety criteria introduced earlier, since, for example, the contact force
is determined by the evolution of the spring force over time. The robot’s effective mass,
mg (Kirschner et al., 2021b), is obtained by evaluating the system’s reflected inertia at
a given position using operational-space dynamics (Khatib, 1987) (see Section 2.2.3 for
further details). The reflected inertia of the human, myy, is provided for various body parts
in ISO/TS 15066:2016 (Standard, 2016). However, this value is relevant only for contact
scenarios in which the human is free to move (i.e., unconstrained). In contrast, collision
scenarios involving a (partially) constrained human typically result in significantly higher
injury severities. To represent the worst-case scenario—where the human body part is
completely constrained (Haddadin et al., 2009, 2011b)—we would assume that my > mg.

Finally, it is worth reiterating that safety criteria for rigid manipulators operating in
human environments (e.g., cobots) have been standardized in ISO/TS 15066:2016 (Standard,
2016). More recently, the methodologies for measuring forces and pressures in physical
human-robot interactions, particularly those involving pressure-force measurement devices,
have been detailed in ISO/PAS 5672:2023 (Standard, 2023).

TowARDS SAFETY CRITERIA FOR SOFT ROBOTS

However, these existing methods for deriving safety metrics for collaborative robots cannot
be directly applied to soft robots without modification. There are several reasons for
this: (a) The aforementioned simplified point-mass models only account for the robot’s
inertia and implicitly assume that the collision point is free to move in space, meaning no
forces act on the joints. In contrast, with soft robots—even when a collision is detected,
and actuation is deactivated—substantial forces still arise from the structure’s inherent
elasticity. (b) Furthermore, while in rigid robots, the considerable mass ensures that contact
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forces and transferred energy are primarily dominated by kinetic energy at the time of
collision (Haddadin et al., 2009), in soft robots, steady-state forces such as elasticity and
gravitational effects play a far more significant role. (c) Finally, existing literature on safety
criteria for rigid robots mainly focuses on contact at the end-effector (Haddadin, 2013;
Haddadin et al., 2009), where the highest velocities are typically observed. In contrast, soft
robots require consideration of collisions along their entire body, particularly given their
higher operational-space stiffness near the proximal end.

To the best of our knowledge, the only preliminary study on the intrinsic safety of soft
robots is the initial work by Abidi and Cianchetti (2017), which approximates a soft robot
as a Timoshenko beam (Timoshenko, 1921) and subsequently links the low stiffness of soft
robots (Rus and Tolley, 2015) to reduced forces. However, this approach falls short as a
safety criterion for several reasons: (a) the force is expressed as a PDE in time and spatial
deformation, making practical evaluation challenging; (b) the Timoshenko-Ehrenfest beam
theory (Timoshenko, 1921) accounts only for shear and bending deformations in a plane,
whereas many soft robots also experience additional deformation modes such as axial
and twist strains (Armanini et al., 2023); (c) it is tailored to small deflections and linear
behavior, even though soft robots can exhibit large deformations and significant nonlinear
behavior (Della Santina et al., 2023); and (d) it does not consider the actuation characteristics
of the soft robot.

3.2.2 POTENTIAL APPLICATIONS FOR A SAFETY METRIC

We envision a safety metric for soft robots that will enable a variety of applications, as
illustrated in Fig. 3.1. These applications can be categorized into two main domains:
safety-aware control and safety-aware design.

In the realm of safety-aware control, we assume the soft robotic design is already
established and focus on controlling its actions to maintain an acceptable safety level.
This approach does not preclude contact or collisions with the environment; rather, it
ensures that such interactions do not result in significant injuries. Examples include safety
filters (Bertino et al., 2023), which allow the use of high-performance control policies, such
as RL, that do not explicitly account for safety constraints while still guaranteeing safety
by filtering or saturating the control input. Alternative methods like MPC (Hewing et al.,
2020; Pupa and Secchi, 2024) or CBFs (Ames et al., 2016; Ferraguti et al., 2020)—referred to
as safety-constrained control—integrate safety constraints directly into the control strategy.

Another promising direction unlocked by a safety metric is safety-aware design, which
involves evaluating an integrated soft robot design for its safety. We see this as comprising
two subcategories: safety-aware design optimization, which incorporates safety into the
design process either through inequality constraints (ensuring a minimum safety level) or
by maximizing safety via the cost function; and safety certification, where, after a design is
finalized, manufacturers can certify that their product meets the necessary safety standards
for specific applications (e.g., healthcare, agri-food, manufacturing, etc.). This approach
aligns well with established safety standards for collaborative rigid robots as defined in
ISO/TS 15066:2016 (Standard, 2016).
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Figure 3.1: Future applications that a quantitative safety metric for soft robots would enable. Top: Here, we
showcase how the safety metric could be used for safety-aware design optimization and, particularly, for analyzing
and exploiting the performance vs. safety tradeoff. Subsequently, the safety metric could be used for certifying a
given design as safe for the respective application. Bottom: The safety metric could also be used for safety-aware
control - either by filtering the outputs of the controller without safety guarantees or by explicitly including the
safety requirements as constraints during the optimization of the control input sequence (e.g., MPC, CBFs).
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3.2.3 REQUIREMENTS FOR A SOFT ROBOTIC SAFETY METRIC

In the following, we outline several requirements that, in our opinion, a safety metric
must satisfy to be well-suited for the applications described in Sec. 3.2.2. First (1), the
metric should account for the dynamics inherent to continuum soft robots and their unique
characteristics. For example, a primary difference between rigid and soft manipulators is
that free-moving joints with integrated motors are replaced by a compliant structure that
deforms under internal actuation and external forces. Consequently, any safety metric
must consider the elastic and inertial properties generated by the distributed material along
the robot’s backbone. Secondly (2), the safety metric must evaluate collisions occurring
anywhere along the soft robot’s body—not just at the end-effector. This represents a
significant departure from existing safety metrics for rigid or collaborative robots, which
often focus solely on the end-effector due to its typically higher motion velocities (Haddadin
et al., 2009, 2011b; Standard, 2016). In contrast, soft robots exhibit high Cartesian stiffness
near their proximal end, making it necessary to assess safety along the entire structure.
Next (3), any simplifying assumptions should yield a conservative safety estimate. For
instance, while soft robot models used in the metric might employ a finite-dimensional
approximation of the continuum shape, in reality, these flexible structures possess infinite
degrees of freedom (Armanini et al., 2023; Della Santina et al., 2023). Therefore, a safety
metric based on such approximations should tend to underestimate rather than overestimate
the design’s safety. Fourthly (4), the computation of the safety metric must be tractable,
which is essential for safety-aware control and design applications that require evaluations
on sub-second to second timescales, respectively. Finally, we highlight a few desirable
characteristics: (5) in applications such as safety-aware control or design, it is advantageous
if the safety metric is differentiable with respect to design parameters, robot states, and
control inputs; and (6) ideally, the metric should also reflect how “safe” the soft robot’s
design (e.g., its friendly appearance) and behavior (e.g., smooth and predictable movements)
are perceived by users. In addition to user studies, the evaluation of this metric might be
enhanced by leveraging Vision-Language Models (VLMs) (Grattafiori et al., 2024; Touvron
et al., 2023).

3.3 A METRIC FOR QUANTIFYING THE SAFETY OF SOFT
RoBoTs

Thereafter, we propose a quantitative safety metric for blunt contacts (Haddadin et al.,
2011b) between soft robots and humans that captures the particular characteristics that
continuum soft robots exhibit (e.g., elasticity, actuation through their structure, Cosserat
rod dynamics, etc.). Importantly, the presented safety metric fulfills all the mandatory
requirements that we laid out previously. First, we state the necessary background on soft
robotic dynamics and contact models. Subsequently, we derive the dynamics of a collision
between the continuum soft robot and the human (body part). Next, we propose two flavors
of the safety metric: (i) the Soft Robot Injury Severity Criterion (SRISC) captures the injury
risk for a given contact geometry, soft robot state, and actuation sequence. We envision this
criterion to be useful for control applications with safety guarantees. The second flavor, (ii)
the Soft Robot Design Hazardousness Criterion (SRDHC), captures the inherent safety of
an integrated soft robot design (e.g., also considering the control policy) and leverages the
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SRISC for estimating the maximum injury risk over all possible contact geometries, feasible
robot states, and actuation sequences. Apart from the procedure for formulating this safety
metric, one of the key innovations here is that we identify a closed-form solution to the
collision dynamics, which renders the computation of the SRISC to be computationally
tractable.

3.3.1 BACKGROUND ON SOFT RoBoT DyNAMICS AND CONTACT MODEL
Following the Cosserat rod theory, we can capture the kinematic behavior of slender
structures such as continuum soft robots by considering the deformations of the robot’s
backbone. As the 1D spatial deformations of this backbone are still an infinite-dimensional
problem, the field has developed many methods, such as PCC (Webster III and Jones, 2010),
PCS (Renda et al., 2018), and GVS (Renda et al., 2020), to describe such deformations with a
finite number of finite vectors of configuration variables g € R". The associated forward
kinematic model then allows us to define the geometric positional Jacobian J,(q, s) € R>",
where s € (0,L] is the backbone abscissa/coordinate and L is the length of the entire
continuum structure. Independent of the specific chosen kinematic model, the EOM of
a continuum soft robot can often be stated as (Armanini et al., 2023; Della Santina et al.,
2023)

M(q)§+C(q,9) ¢+, V(@) +Dg=A(q) T+ 1, (3.1)

M(g) € R™" and C(q, ¢) € R™" consider the inertial and Coriolis effects of the soft robot
system, respectively. 9, U'(q) € R" captures the forces stemming from the potential U"(q) :
R"™ — R. Often times, the potential forces simplify to 9, U"(q) = G(q) + K q, where G(q) € R"
describes the gravitational forces, and K > 0 € R™" is the stiffness matrix. Dissipation
is integrated through the damping matrix D > 0 € R™". 7(t,q,q) € R™ contributes the
actuation (determined by a control policy) that acts through the linear map A;(q) € R™™
on the generalized coordinates.

The term 7. € R" collects all contributions by external contact forces on the generalized
coordinates. In the following, we will assume that the soft robot is only in contact with the
human at one discrete point and that only pure forces are reflected between the bodies
during the contact (i.e., no Cartesian torques). Specifically, we assume that the contact
occurs at the backbone abscissa s. € (0,L] and that the contact exhibits a constant surface
normal of n. € S* which is a unit vector and, with that, S* = {n. € R® : |n¢|, = 1}. We now
describe with §. > 0 a penetration between the soft robot and the soft tissue of the human.
Then, the generalized torque acting on the soft robot as a consequence of the contact is
given by 7. = —J7(q, s¢) ne fo(8c, 8c) = —JT (g, 5c> nic) fo(Se, be), where f.(5c,dc) € Rsg is the
scalar non-negative contact force. In the following, we will frequently omit the dependency
of symbols, such as J.(¢), on the (s, n.) to simplify the notation. While the formulation
that we use in this chapter for formulating the safety metric is compatible with many of
the contact models that have been studied in the literature, such as Hunt-Crossley (Aouaj
et al., 2021; Hunt, 1975), Hertz (Johnson, 1987; Park et al., 2011; She et al., 2020b), etc., we
will mainly focus in the following on a linear spring-damper contact model (Haddadin
et al., 2009; Standard, 2016) given by

0 5CSOs

) (3.2)
kebe+d.6c 6.>0,

fe(8e,6) = {
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where k. € R is the contact stiffness and d. € R> is the contact damping coefficient. If we
assume the soft robot surface material and the human soft tissue to have spring constants
and damping coefficients of kg surf, krist, and dr, dy, respectively, then we can connect the
spring-dampers in series

-1 -1
1 1 1 1
k. = + . ode=(—+—) . 3.3
¢ < kR,surf kH,st > ¢ ( drp du ) ( )

Please note that the effective spring constant of many human body parts is reported in
ISO/TS 15066:2016 (Standard, 2016).

3.3.2 CoLLISION DyNAMICS
We now progress towards a formulation of the collision dynamics as motions of the soft
robot and the human body part along the contact surface normal n..

First, we describe the motion of the contact point of the soft robot with position and
velocity xg, Xg € R. We can project the dynamics of (3.1) into this 1D motion through the
expression xg = J. ¢ yielding the form (Della Santina et al., 2020c, 2019b; Khatib, 1987;
Stolzle et al., 2024a)

AR +1e(q @) v + JM( D)0 V() + D) = (D) Ac(@) T — fo(8c.8e). (3.4)

where ]:I\-/';(q, Seste) = MTJT(JeM™1JT)™1 € R™! is the dynamically consistent pseudo-
inverse, Ac(q, S ne) = (Je M~1JT)™! € R is the reflected inertia of the soft robot at the
contact point (Haddadin et al., 2009; Standard, 2016), and 1.(q, ¢, S, nc) = Ac(q) JeM -1c-
Jo) € R¥*™ collects the Cartesian Coriolis and centrifugal terms (Khatib, 1987). As mentioned
already previously, if not explicitly stated otherwise, we will in the following, to simplify
the notation, drop the specific dependency on the contact geometry (sc,nc): Jiy(q) =
]:;\E(q, Ses nc)a Ac(q) = Ac(q, Se» nC)s etc.

Next, we move towards modeling the behavior of the human body part. In literature, the
human body part is usually modeled as a point mass® my; (Haddadin et al., 2011b; Standard,
2016) that moves in 1D along the surface normal of the contact with state (xy1, xp1). Instead,
we take here a conservative approach and assume that the human body is constrained in its
motion with velocity vy € R towards the soft robots (i.e., my > A(q) Vq). This represents
the worst case. After the coordinate change 6.(¢) = xg(t) — x1, 8. = xr(t) + vy, where xy € R
is the position of the soft tissue surface, and while only considering the case of contact
(i.e., 8¢ > 0), the collision dynamics are given by

A(q) b +1c(q, ) 0c + I ()0 U (9) + DY) = JN(D Ac(Q 7~ ke S —dcbe. (3.5)

We are now interested in identifying the maximum force f.(¢) that occurs during the entire
time of the contact. Therefore, we can neglect any damping forces, such as d. . and D ¢, as
they dissipate energy, and, therefore, reduce the maximum contact force. Furthermore, we
assume that the Coriolis effects are sufficiently small and can be neglected as well. Finally,

3Please note that the effective mass of various human body parts is reported in ISO/TS 15066:2016 (Standard,
2016).
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we assume that the change of configuration during the collision is sufficiently small such
that the dynamic matrices can be approximated as constant:

mgr = Ac(qg) =~ AC(CI), Ar,c = ]:ATI(QS)AT(CIS) z.]:l\—/q(q)AT(ql Vi> t((;), (3-6)

where the ¢° is the configuration of the robot at the beginning of the contact. The same
assumption also allows us to linearize the potential forces of the soft robot with

7]
fr =Jnm(@ 9, V(@) = Jw(g) 9, U (g) + ;qf:,&(q)aqv(q) s Jom(@) Ser - (37)

c0
fl/‘ kR

where kg € R is the local stiffness of the system against small perturbations and f;? are the
potential forces present at the start of the contact. Furthermore, we assume the actuation
force to be constant, which can be easily accomplished by conservatively considering
the maximum actuation force f; = max;|A; . 7(t)| that the robot experiences during the
collision. Integrating the stated assumptions into the EOM results in the approximated
collision dynamics (during contact)

mg 8+ (kr + ko) e = fr — 5. (3.8)

To avoid computationally expensive simulations of the collision, we identify a closed-form
solution to the collision dynamics

(0 o IF ke + ke 0 | MR ke + ke fe- 17
() = (5C e ) cos( — t)+6; P sin - t)+ ke’
_ £c0 .

Se(t) = — /kR+kC 63—][7 fu sin Mt +82 cos| | Mt‘ ,
mR kr + ke mR MR

where we assume without loss of generality that t? = 0 at the start of the collision, and &?
is the initial penetration depth, although generally 62 = 0. The initial penetration velocity
can be computed as a function of the configuration-space velocity as 6 = J.(q°) ¢ + vp.

3.3.3 SorT RoBoT INJURY SEVERITY CRITERION

Following the standards established in ISO/TS 15066:2016 (Standard, 2016), we consider
the maximum contact pressure, also sometimes referred to as stress (Haddadin et al., 2009),
experienced during the collision as a proxy for the injury risk. Therefore, we define the
SRISC for a given tuple (g7, s, nc) capturing the contact geometry as

JAD) < max; fo(t)  k.max; 5c(t)
A1) T min, A(t)  min; A(t)

SRISC(qg, 53, T, Se, Ne) = mtax Pe = mtax (3.10)
where p.(t) is the contact pressure/stress, and A, is the contact area. We illustrate the
derivation and definition of the SRISC in Fig. 3.2.

The closed-form solution to the collision dynamics of (3.9) allows us to upper-bound
the maximum contact force max; f.(¢) that is encountered during the collision as

max fo(t) = k f’_7cfo+ o LI 2+(8°)2 s (3.11)
t 0C | kg + ke ¢ krtke  kptke | ’
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Figure 3.2: Proposed Soft Robot Injury Severity Criterion (SRISC) as a safety criterion for soft robots: The
maximum contact pressure/stress max; p.(t) = max; f‘;‘(ct) experienced during the (potential) collision acts as a
proxy for the expected injury risk (Standard, 2016), where f.(t) denotes the contact force and A, the contact area.
For computing f.(t), we derive the dynamics of the collision (i.e., the time evolution of the penetration depth
6c(t)) by projecting the dynamics of the soft robot onto a 1D Cartesian motion along the contact surface normal.
In order to get a conservative estimate of the injury risk, we assume the human body part to be constrained in its
motion (i.e., that the inertia of the human body part dominates the reflected inertia of the soft robot mg).

We verify and visualize the behavior of the closed-form expression from (3.9) and its
upper bound (3.11) in Fig. 3.3. It can be clearly seen how (3.11) represents a conservative
upper bound on the actual contact forces the system experiences if we were to also account
for the hybrid nature of the dynamics and the damping of the system.

ExaMPLE: MAss-SPRING RoBoT
First, we consider the most basic soft robot - a damped mass-spring system with dynamics

qu+kR(q_q0)+dRq:u+]cC’ (3.12)

where g € R and ¢° € R is the equilibrium extension. Assuming 6.(t) = q(t) (i.e., the robot
is in contact with the human when g > 0) and vy = 0, the SRISC is then given by

ke [ u—ke(g® —q") ("‘—’W(M>z+(-o)2 MR (3.13)

SRISC = — — ],

Ac kr + ke kr + ke ¢ kg + ke
where q? is the mass-spring position at which the collision starts and ¢’ is the associated
velocity.



3.3 A METRIC FOR QUANTIFYING THE SAFETY OF SOFT ROBOTS 69

24 2
L
~

. 0.01 A = :

p

E Ean .2

< 0.00 e -

2 g b

< 0

= 001 E

El 2

k<] =

£ 0024 £ 14

g

= )

~ A
0034 ] 60 =20 m/s,fu = 0.0 N
o — §0 = 2.0 m/s,fu = 100.0 N —2 82— §0 = 2.0 m/s,fu = 100.0 N
0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200 0.000 0.025 0050 0.075 0100 0125 0.150 0.175 0.200
Time ¢ [s] Time t [s]
(a) Penetration depth §.(t) (b) Penetration velocity d.(t)

400_—-."———:‘———..‘.———“———,‘————

300

200

100 A

Contact force f. [N]

|
=
o
S

L

o= 30 =1.0m/s,fu = 0.0 N
| §0 = 2.0 m/s, .
— §0 = 2.0 m/s,fu = 100.0 N

—200

—300

T T T T T T T T T
0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Time ¢ [s]

(c) Contact force f.(t)

Figure 3.3: Verification of closed-form solution to (3.8): The solid lines represent numerical integrations of the
hybrid dynamics mg 8. + kg 8¢ + dr 8¢ + f:(8c) = fr —fffo with f.(8) = ke 8c + de 5. ¥ 8. >0 and f.(8.) =0V 8. <0.
The dotted lines represent the closed-form solution to the time evolution reported in (3.9) based on the dynamics in
(3.8) that describe the behavior during the contact phase. The dashed lines represent the (conservative) maximum
contact force that could be encountered during the collision as determined by the closed-form expression (3.11).
As system parameters, we choose mg = 1kg, krp = 2kN/m, dr = 4Ns/m, k. = 25kN/m, which represents the
spring constant of the human chest according to ISO/TS 15066:2016 (Standard, 2016), d. = 20Ns/m, and (53 =0m.
Please note that in all case we assume f;? =0 and vy = 0.

Here, the SRISC exhibits the limits

Jmek k
lim SRISC = % @ Jlim SRISC= " (g~ g+l —o').  (19)

kr—0,u—0 c

C

If ¢° > q°, which can be interpreted as the spring being in its equilibrium or stretched at
the beginning of the collision, then the limit kg — oo simplifies to limy,_,., SRISC = 0.

We characterize the SRISC for this mass-spring robot example in the case of a collision
with a human chest and present the results in Fig. 3.4. Fig. 3.4(a) allows us to analyze
what influence the robot stiffness has on the SRISC: In the limit of kg — 0 with u = 0, the
contact pressure is solely influenced by the robot’s initial velocity ¢C, its mass mg, and the
contact stiffness k.. However, as kg > 0, we can notice a bifurcation behavior: if the robot
is stretched at the beginning of the collision (i.e., ¢° > 0), then the contact stress SRISC
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Figure 3.4: Characterization of the SRISC on the mass-spring robot example. Here, we (closely) consider the
collision between the mass-spring robot and the human chest. Therefore, if we conservatively assume the robot
surface to be rigid, the spring constant of the contact with the chest is given as k. = kg = 25kN/m. Furthermore,
we assume a contact area of 1.5cm?, an external force of u = 0N, and a equilibrium position of ¢° = 0m. Finally,
according to ISO/TS 15066:2016 (Standard, 2016), the maximum acceptable contact pressure/stress in transient
conditions is given as 2400kPa, which serves as our threshold on the maximum acceptable SRISC. Panel (a):
Evaluating the influence of robot stiffness kg and the deflection of the soft robot at the beginning of the collision
q° on the SRISC. We choose mg = 1kg and ¢ = 2m/s. Panel (b): Evaluating the influence of contact stiffness
k. and the robot stiffness kg on the SRISC. We choose mg = 1kg, q0 = —0.1m, and ¢ = —1.5m/s. Panel (c):
Evaluating the influence of robot mass mg and the robot velocity at the beginning of the collision ¢° on the SRISC.
We choose kg = 1kN/m and ¢° = 0m.

is decreased as kg is increased. Oppositely, if the robot is compressed at the beginning
of the collision (i.e., qg < 0), then the contact stress SRISC is increased as kg is increased.
Fig. 3.4(b) shows, as expected, that increasing the contact stiffness leads to a higher peak
contact pressure. Analog to the known results in the realm of rigid robotics (Haddadin,
2013; Haddadin et al., 2009), it can be easily seen in Fig. 3.4(c) how higher velocities and
higher robot masses/inertia lead to higher injury severities and safety risks. This analysis
allows us to draw two important takeaways: (1) it is crucial to consider the maximum
deformation of the soft robot we would expect to occur during operation to assess its safety,
(2) as the robot’s stiffness is increased, the worst-case injury severity is also increased (Abidi
and Cianchetti, 2017) - confirming the intuition of how soft robots with their material
softness and lower inertia exhibit a more compliant behavior than traditional rigid robots.
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Figure 3.5: Characterization of the reflected inertia, also called effective mass (Haddadin et al., 2009; Kirschner
et al,, 2021b), on the example of a planar CS soft robot. Left: Variation of the collision backbone coordinate s,
against the polar angle of contact 0., where . = 0 corresponds to a perpendicular collision with the backbone
and n¢ = (1,0) and 0. = 7 relates to a parallel collision with the robot backbone and n = (0,1). We assume here
a soft robot in its equilibrium configuration (i.e., ¢ = 03). Right: Variation of the bending strain ky. and the axial
strain o,y for a perpendicular collision (n. = (0,1)) at the distal end of the robot (s. = 0.1 m).

EXAMPLE: PLANAR PIECEWISE CONSTANT STRAIN RoBoT

We now consider a planar N segment PCS robot, as introduced in Chapter 2. Here,
the configuration of the ith segment is characterized by its spatially constant strain
&= [Kbe,i Oshi O'ax,i]T, where kpe; is the bending, og,; the shear, and o,y; the axi-
al/elongation strain (Renda et al., 2018). The collision dynamics are then given as

Ac(q) b +ne(q.§) 5e + J()(G(@) + S g+ D) = Jin(@) Ar(@) T — ke S — de be,  (3.15)

where S € R¥M 3N is the linear stiffness of the robot, G(q) € R*N captures the gravitational
forces, and 7 € R™ represents the actuator forces. We build the JAX (Bradbury et al., 2018)
implementation of these dynamics on the JSRM* package (Stélzle et al., 2024b).

As we have seen in the previous example of the mass-spring robot, two of the variables
that have the largest impact on the SRISC are the reflected inertia mp, as defined in (3.6),
and the local soft robot stiffness in the collision direction kg, as defined in (3.7). Therefore,
we present in Figures 3.5 & 3.6 a characterization of the reflected inertia mg and the local
robot stiffness kg, respectively. In both cases, we consider a planar CS segment (i.e., N = 1)
that has a length of 0.1m, a radius of 0.02 m, a material density of 1070 kg/m?3, an elastic
modulus of E = 0.5MPa and a shear modulus of G = 0.2MPa. The results show that the
reflected inertia is highest at the proximal end of the robot/segment (i.e., s = 0) and for
collisions that are parallel to the backbone, which, for our definition of our coordinate
system with the soft robot in its straight configuration aligned with the y-axis, means that
0.=%+mrnand n. = [0 :I:l] " Furthermore, when considering perpendicular collisions
with the backbone, the inertia increases with the bending strain and a compressed backbone
(i-e., an increase in mass density). Concerning the robot collision stiffness, we find that

‘https://github.com/tud-phi/jax-soft-robot-modelling
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Figure 3.6: Characterization of the local robot collision stiffness kr vs. polar angle 0. on the example of a planar
CS soft robot. Left: Variation of the collision backbone coordinate s against the polar angle of contact 6., where
6 = 0 corresponds to a perpendicular collision with the backbone and n. = (1,0) and 6. = 7 relates to a parallel
collision with the robot backbone and n. = (0,1). We assume here a soft robot in its equilibrium configuration
(i.e., g = 03). Right: Variation of the bending strain «,. against the polar angle of contact 0. at the distal end of
the robot (s. = 0.1m).

it is highest at the proximal end of the soft robot. At the distal end, we identify larger
stiffnesses for parallel collisions, although the exact characteristics will depend on the
choice of backbone radius/second moment of area. With increased bending strain, the
polar angle with the highest stiffness will also change, as seen in Fig. 3.6(b).

In Fig. 3.7, we characterize the behavior of the SRISC on the case of a planar CS soft
robot with a nominal robot length L = 0.25m, a backbone radius of R = 0.02m, a nominal
mass density of p = 1070kg/m?, an elastic modulus of E = 0.5MPa, a shear modulus
of G = 0.2MPa, a contact area of A. = 1.5cm?, the spring constant of the human chest
ki st = 25kN/m, and a soft robot surface material stiffness of kg syt = 7.5kN/m. In all
cases, we set the external forcing to f; = 03, consider the human to be stationary and
constrained with vy = 0m/s, and assume a maximum threshold of 2400 kPa on the SRISC,
which mirrors the maximum transient contact stress that is acceptable for collisions with
the chest sternum according to ISO/TS 15066:2016 (Standard, 2016). In Fig.3.7(a), we
see that, as expected, the maximum contact stress—and therefore the SRISC—rises with
increased mass density and higher bending velocity in the collision direction. The results
in Fig. 3.7(b) are particularly intriguing: while the SRISC increases with longer segment
lengths—as longer soft robots exhibit higher Cartesian velocities for the same strain-space
velocities—the maximum contact stress is typically not located at the very tip of the distal
end but rather around 75 % of the robot’s length. We hypothesize that this occurs because
certain factors, such as stiffness and reflected inertia, peak at the proximal end, whereas
others—especially Cartesian velocity—are maximized at the distal end, leading to an overall
maximum SRISC somewhere between the two. Similarly, Fig. 3.7(c) displays analogous
behavior, with the polar angle corresponding to the maximum contact stress varying based
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Figure 3.7: Characterization of the SRISC on a planar CS robot. Panel (a): Variation of the robot’s mass density p
and the bending strain velocity kp.. We assume a perpendicular collision (n. = (1,0)) at the tip of the segment
(sc = 0.25m). Panel (b): Variation of the total robot length L and the backbone coordinate s, where the collision
occurs. We assume a perpendicular collision (n. = (1,0)) with a soft robot in its equilibrium configuration (i.e.,
q = 03). Panel (c): Variation of the backbone coordinate s against the polar angle . of the contact surface where
the collision occurs. Here, 0. = 0 corresponds to a surface normal of n. = (1,0) and 6. = 7 to nc = (0,1). The soft
robot is assumed to be in its equilibrium configuration (i.e., ¢ = 03). Panel (d): Variation of the bending strain kp.
against the polar angle 6. of the contact surface where the collision occurs. We assume a collision with the distal

end of the soft robot (i.e., sc = 0.25m).

on the velocities and actuation applied to the soft robot. Finally, Fig. 3.7(d) shows that the
maximum SRISC occurs at a straight backbone configuration, with the maximum SRISC
decreasing as bending strain increases.

EXAMPLE: INTEGRATING A CONTROL PoLricy
An important question when analyzing the safety of a closed-loop soft robotic system is
what influence the control policy has on the SRISC. First, we consider a case where the
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behavior of the control policy (g, q) cannot be bounded or even inspected, such as it
would be the case for controllers that contain integral terms or for many RL-based control
policies. In this case, access to actuation bounds [ Tin, Tmax] provides us with the injury
risk in the worst case scenario.

Next, we consider the example of a PD+Feedforward-like control structure that is
relevant for many control policies that involve feedforward and/or feedback terms. Specifi-
cally, we consider a fully-actuated setting (i.e., n = m) with an identity actuation matrix
A;(q) =1". Then, a regulator 7(q,q) = 9, T/(qd) + Kp(q“1 —q) — K4 g drives the system
towards the setpoint g (Della Santina et al., 2023) and establishes the closed-loop dynamics

M(Q)G+C(q.4) 4+, U () +Kp g+ (D+Ka) G = g U (M) + Ky ¢° + 7o, (3.16)

where Kj,, Kg € R™" are the proportional and derivative feedback gains, respectively. When
re-formulating the simplified collision dynamics of (3.8),

mg S + (kr + ko) 8c = Jiu(gD) (94 U' (g + Ky ¢° — 9, U'(g))). (3.17)

We notice that the feedforward control term acts through a constant force on the oscillatory
system. The proportional feedback term increases the local stiffness of the robot: kg =

aiq ];AT,I(q) (8q U(g)+K, q) ‘ , :M(qg). This analysis agrees with similar results known

in literature (Della Santina et acl., 2017).

3.3.4 SoFT RoBOT DESIGN HAZARDOUSNESS CRITERION

As presented in Fig. 3.1, one application of a soft robotic safety metric would be to answer
the question "How safe is this proposed soft robot design?". The SRISC on its own is not
sufficient to answer this question as it relies on a knowledge of the soft robot state at the
beginning of the collision (q°, ¢°), and the contact geometry (s, nc). Therefore, we define
the SRDHC as the maximum injury severity that can be imposed by the soft robot over all
feasible soft robot states, all possible contact geometries, and actuation sequences (Wassink
and Stramigioli, 2007)

SRDHC = max max max  max max SRISC(q’, 87,7, sc, ne),
qeQ 52€[0,6max] T€[ Tmin,Tmax] 5¢€(0,L] n.€S3

(3.18)

< max max_max SRISC(g2, 5™, | Tmax 2. Sc, ne),

q€Q s.€(0,L] n.eS3
where Q is the set of feasible soft robot configurations. To make this optimization more
tractable, we can leverage the stated upper bound with 5™ = | J. |2 | Gmax|2 + ver and f™2* =
Az cll2 lmax(|Tminl, | Tmax])]2. We note that the maximum value of gmax that the robot can
achieve autonomously is, in practice, often given by certain actuator characteristics (e.g.,
maximum servo velocity for tendon-driven actuation).

We conducted a study to assess how discretization affects the estimated safety, with a
particular focus on the SRDHC. The initial results shown in Fig. 3.8 for varying the number
of PCS segments while keeping the robot length and all other system parameters constant
indicate that approximating the soft robot with one or only a few segments leads to a
conservative safety estimate—that is, an overestimation of the injury severity. This occurs
because actual soft robots can deform in an infinite-dimensional space, whereas the planar
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Figure 3.8: Analysis of the impact of varying the discretization of a planar PCS robot on SRDHC while keeping

the total soft robot length constant at 1 m.

PCS model limits the available deformation modes and often increases the stiffness at the
point of contact. By refining the discretization of the underlying kinematic model, we can

capture more deformation modes and thereby reduce the overestimation of injury severity.

3.4 CONCLUSION

In this chapter, we first underscore the absence of a safety metric for soft robots—a gap
that hinders the community from quantifying their safety benefits compared to rigid
robots. This shortfall often leads to designs that perform poorly in real-world tasks because
they tend to be overly soft and lack sufficient payload capacity. We then explored how a
quantitative safety metric could be applied in both design and control contexts, ensuring
safety without forcing the robot to be too soft or its motion overly cautious. Finally, we

defined the criteria that such a safety metric must satisfy.
Next, we derived a quantitative safety metric for soft robots by considering the maxi-
mum contact pressure during a collision, analogous to the existing ISO norms for cobots (Stan-

dard, 2016), as our safety criterion. For the derivation, we relied on established soft robot
dynamic models, such as PCS (Renda et al., 2018)°, and assumed a constrained human

model to represent the worst case scenario (Haddadin et al., 2009). The proposed safety

metric is offered in two forms: the SRISC, which can be computed in closed-form and
estimates the maximum contact pressure during a soft robot-human collision given a

specific initial condition—comprising the robot’s configuration, velocity, contact geome-
try, and a predetermined (e.g., worst-case) actuation—and is particularly well-suited for

safety-aware control applications. In contrast, when designing soft robots, it is necessary to
guarantee safety across an operating envelope that encompasses infinitely many initial
conditions. For this purpose, we developed the SRDHC, which determines the maximum

SRISC for a given set of operating conditions (e.g., maximum deformation, actuator bounds,
configuration-space velocities), especially considering all potential contact geometries.

Notably, the proposed safety metric fulfills all mandatory requirements outlined in
Sec. 3.2.3. For instance, it takes into account collisions along the entire soft robot body, and

SPlease refer to Chapter 2 for a discussion of alternative soft robot models that could serve as the basis for the

safety metric.
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the assumptions and simplifications made during its derivation result in a conservative
estimate of true safety. Additionally, the metric is computationally tractable because (a) it
bypasses the need to simulate collision dynamics over time by providing the maximum
contact pressure in closed form, and (b) portions of the computation can be vectorized or
parallelized. Moreover, the metric is differentiable—even analytically—since our implemen-
tation in JAX (Bradbury et al., 2018) offers gradients through autodifferentiation.

Notably, the characterization of the proposed safety metric demonstrates that the safety
of soft robots is determined not only by their material softness but also by factors such
as mass density, actuation, control, and operating conditions (e.g., velocity, maximum
deformation). In particular, increased feedback gains raise the stiffness of the closed-loop
system (Della Santina et al., 2017, 2023), thereby reducing safety even for soft robots.
Moreover, contrary to common intuition, the maximum injury severity does not occur at
either the proximal or distal end, but rather somewhere in between. Finally, preliminary
research suggests that the numerous degrees of freedom (DOFs) in soft robots may play a
significant role in distributing contact energy and reducing the maximum local contact
pressure.

Looking ahead, two key aspects emerge for future work: (1) the experimental validation
of the safety criterion—i.e., quantifying the discrepancy between predicted and actual
safety—and (2) the establishment of appropriate thresholds (Behrens et al., 2022; Standard,
2016) for the safety criterion (in terms of acceptable injury risk) to ensure safety in human-
centric environments. Drawing inspiration from existing literature on rigid robots (Behrens
et al., 2022; Muttray et al., 2014a; Yamada et al., 1997), empirical biomechanical studies could
play a crucial role in this process. It is also essential to recognize that safety requirements
may vary considerably depending on the specific robotic application and task. For example,
a soft robot designed as a children’s toy must comply with much stricter safety standards
than one intended for industrial refueling. Understanding these differences is key to
achieving safe and effective performance.

Furthermore, the safety metric itself can be extended and refined. By developing
specialized metrics tailored to different soft robot modeling techniques—such as FEM-
or GVS-based approaches—more accurate risk assessments can be achieved for specific
designs. Extending these metrics to closed-chain robots, locomotors, and wearable systems
will further strengthen safety evaluation frameworks across a diverse range of robotic
applications.

Finally, with regard to practical applications, it is vital to develop design and control
strategies that take full advantage of the proposed safety metric. In the context ofsafety-
aware design, a crucial next step is to identify which design parameters most significantly
impact safety for various actuation types, such as tendon-driven versus pneumatically
actuated soft robots. Mapping these dependencies will provide designers with actionable
insights to enhance safety. Additionally, as outlined in Appendix A, we propose a holistic
co-design strategy for optimizing the safety of soft robots (Navez, 2024; Spielberg et al.,
2019; Wang et al., 2024; Zardini, 2023), which will enable the explicit formalization and
quantification of the trade-off between safety and performance in soft robotics. Additionally,
safety-aware control can be implemented, for example, using MPC or CBFs (Ames et al.,
2016; Ferraguti et al., 2020), enabling us to maximize performance, such as the motion
speed (Haggerty et al., 2023), while ensuring safety in all scenarios.
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AFTERWORD

In this chapter, we introduced a quantitative safety metric for continuum soft robots and
discussed potential applications—such as safety-aware design and control—that could
benefit from it. Specifically, it outlines a pathway for determining, ensuring, and certifying
soft robot safety in the future. Additionally, characterizing the metric revealed that factors
like material softness, mass density, and operating conditions significantly affect soft robot
safety. Notably, the control policy—often overlooked in the soft robotics community—plays
a critical role; our analysis confirms that, similar to findings in collaborative robotics, higher
proportional feedback gains tend to reduce safety. Consequently, since ensuring safety is
an important goal of this thesis, it is essential to design control strategies that maintain
compliance (for instance, by eliminating integral terms and reducing feedback gains). This
insight motivates both (a) the adoption of compliant controllers for soft robots, such as
the impedance controller presented in Chapter 6, and (b) the development of effective
feedforward terms based on accurate system dynamics modeling—a topic we explore from
first principles in Chapters 5, 6, and 8, as well as through learning-based approaches in
Chapters 10-11.
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SHAPE SENSING WITH CAMERAS:
AN INVESTIGATION ON
KiINEMATICS-AWARE SLAM

Foreword. Before we can develop advanced soft robot controllers, we require access to
state information. Specifically, we need to know the configuration of the soft robot, which,
as introduced in Chapter 2, is usually defined for soft robots as the parametrized shape of
the backbone. In this chapter, we demonstrate how we can augment in a plug-and-play
fashion existing state-of-the-art SLAM algorithms with kinematic knowledge to achieve
shape sensing for soft robots.

Abstract. One way to achieve proprioception of the soft robot’s shape while not substantially
modifying their bodies’ softness is to develop innovative and completely deformable sensors.
However, these solutions tend to be less reliable than classic sensors for rigid robots. As an
alternative, we consider here the use of monocular cameras. By admitting a small rigid
component in our design, we can leverage well-established solutions from mobile robotics.
We propose a shape-sensing strategy that combines an SLAM algorithm with nonlinear
optimization based on the robot’s kinematic model. We prove the method’s effectiveness in
simulation and with experiments of a single-segment continuous soft robot with a camera
mounted to the tip. We achieve mean relative translational errors below 9% in simulations
and experiments alike, and as low as 0.5% on average for some simulation conditions.

This chapter is partly based on 2 E. Rosi* M. Stélzle*, F. Solari, and C. Della Santina (2022, April). Sensing Soft
Robots’ Shape with Cameras: an Investigation on Kinematics-Aware SLAM. In 2022 IEEE 5th International Conference
on Soft Robotics (RoboSoft) (pp. 795-801). IEEE. (Rosi et al., 2022).

C.D.S. conceived and led the project. E.R. implemented the methodology, collected the simulation results, and
executed the lab experiments with a soft segment. M.S. contributed ideas to the methodology, helped debug the
implementation of the approach in code, contributed to the experimental setup (e.g., motion capture system,
fabrication of the soft segment), and wrote the paper. C.D.S;, ER., and M.S. revised the manuscript. CD.S., F.S.,
and M.S. supervised the research project. C.D.S: provided funding.
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4.1 INTRODUCTION

Mmajor challenge with shape perception in soft robots is that sensing strategies must

not compromise the intrinsic softness of these systems (Polygerinos et al., 2017; Wang
et al., 2018a). To this end, researchers have proposed several entirely deformable sensors
over the years, including capacitive (Scimeca et al., 2019) and optical sensors (Li et al., 2021),
liquid metal (Wall et al., 2017). These solutions are quite attractive since they minimally
corrupt the physical softness of the robot. However, they usually require complex learning
strategies to be used since their behavior is hard to model (Thuruthel et al., 2019; Truby
et al., 2020). An alternative is to relax the constraint of complete deformability and allow
for small rigid components. This strategy enables rethinking the use of existing sensing
technologies in this radically new context. Examples are hall sensors (Guo et al., 2019),
Inertial Measurement Units (IMUs) (Hughes et al., 2020), and microphones (Zoller et al.,
2018). The information gathered from inward-facing cameras looking at features in soft
chambers’ inner walls has proven sufficient to estimate the configuration (She et al., 2020a;
Werner et al., 2020), and characterize contacts with the environment (Lin et al., 2020; Ward-
Cherrier et al., 2018). However, all these strategies need machine learning to transform
the image information into the desired physical quantity. Alternatively, cameras mounted
outwards on the robot’s tip have been used to execute visual servoing (Homberg et al., 2019;
Wang et al., 2013). To the best of the Authors’ knowledge, the only two works dealing with
continuum (non-soft) robots are (Weber et al., 2012) and (Cheng et al., 2020). The first uses
Bundle Adjustment (BA) to integrate the output of multiple cameras embedded in a single
segment. The second uses hand-tuned features to estimate the robot configuration within
a novel kinematic model. Thus, no general strategy exists in the literature to estimate
the whole state of a soft segment from a single monocular camera. SLAM is one of the
most effective and largely used strategies for vision-based localization for mobile robots
and autonomous vehicles (Fuentes-Pacheco et al., 2015; Mur-Artal and Tardés, 2017). In
this chapter, we investigate using monocular SLAM to estimate the location of selected
points across the soft robot. We then propose a mechanism for simultaneously refining the
estimation and reconstructing the complete shape of the robot. We do that by retracting the
output of the SLAM to the manifold of camera configurations admitted by the kinematic
model of the soft robot. We formulate this action as a nonlinear optimization problem.
Fig. 4.1(a) summarizes the proposed architecture. We test the strategy with simulations
and experiments, achieving mean relative translational errors between 0.4 % and 9 % in the
former and from 5 % to 9 % in the latter.
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Figure 4.1: Panel (a) shows a pictorial representation of the proposed perception strategy. Cameras are attached
to a soft continuum robot. We propose to use ORB-SLAM (Mur-Artal and Tardés, 2017) to gather a pose estimate
for each camera. The results are iteratively combined to extract local transformation and refined by projecting
the resulting postures onto the manifold of configurations attainable with the PCC kinematics. The result is an
estimation of the full shape within the selected kinematic description q. Panel (b) reports the main quantities of
the kinematic model of one segment.

4.2 PROPOSED METHODOLOGY: SHAPE ESTIMATION WITH
KiINEMATICS-AWARE SLAM

In this chapter, we propose to use SLAM for the proprioception of continuum soft robots.
Common kinematic parametrizations for soft robots, such as PCC (Webster III and Jones,
2010) or PCS (Renda et al., 2018), model the soft arm to consist of multiple segments with
independent kinematic state variables. In the following, we assume that the robot’s model
consists of ng segments and that a monocular camera is attached to each segment. We rely
on a PCC kinematic formulation. However, the proposed results can be directly generalized
to the PCS case. Our goal is to reconstruct the full shape (i.e., a configuration ¢; for each
segment) of the soft robot from the stream of images recorded by the cameras.

Fig. 4.1(a) shows an overview of the proposed architecture. We use SLAM algorithms
such as monocular ORB-SLAM (Mur-Artal and Tardés, 2017) to estimate the pose of cameras
attached to the soft robotic arm. The pose estimation consists of 3D translation and rotations
describing the relative camera movement from initial calibration to the current state (5, RS
in the figure). Then, the kinematic model is simultaneously used to refine the outputs of the
SLAM and transform them to the desired estimation of the configurations (g1, ¢s, ¢ in the
figure). Starting from the base segment and progressively iterating up until reaching the tip
of the robot, we express translation and rotations in local coordinates, and we optimize the
estimated configurations segment-by-segment starting at the proximal end by projecting
the pose estimate into the 3D PCC kinematics.

In the following subsections, we provide more details on the various components of
this architecture.

4.2.1 BACKGROUND: MoNOcULAR ORB-SLAM
We choose monocular ORB-SLAM (Mur-Artal and Tardds, 2017) for pose estimation of
the camera locations. Although this technological solution has never been applied to soft
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robots, the algorithm itself is well established, and its applications to mobile robotics are
widespread. As such, we briefly describe here only the major steps of the algorithm.

1. Map Initialization: ORB-SLAM initializes a map of 3D points based on two video
frames. The 3D points and relative camera pose are computed using triangulation of
2D ORB feature correspondences.

2. Tracking: Once the map is initialized, the camera pose is estimated for each new
frame by matching features in the current frame to features in the last keyframe.
The estimated camera pose is refined by tracking the local map.

3. Local Mapping;: If the current frame is identified as a keyframe, it is used to create
new 3D map points. At this stage, BA is used to minimize re-projection errors by
adjusting the camera pose and 3D points.

4. Loop Closure: Loops are detected for each keyframe by comparing it against all
previous ones. This information is used to optimize the poses.

An important aspect of SLAM algorithms are keyframes, which are a subset of video frames
that contain cues for localization and tracking. Two consecutive keyframes usually involve
sufficient visual change.

4.2.2 PrRoJECTION INTO PCC-KINEMATICS

Once the SLAM algorithm provides us with the estimated camera poses, we want to
interpret and correct them such as that they are coherent with the PCC kinematic model.
In this chapter, we consider the Delta parametrization (Della Santina et al., 2020a) of
the PCC kinematics, but the formulation could also be easily adapted to other kinematic
parametrizations such as PCS (Renda et al., 2018).

We show a pictorial representation of this kinematic model in Fig. 4.1(b). Each seg-
ment of original length L,; is described with three configuration variables g; € R® =
(Ax,i Ay 5L,~)T, where SL; is the segment’s extension, and A,; and A, ; are the differ-
ences of the arc lengths of the segment at a radial distance of d; from the center-line along
both cardinal directions of the base (Della Santina et al., 2020a). The complete robot’s
configuration is g € R3". The coordinate transformation for segment i from the base frame
{Si_1} into the tip frame {S;} as a function of the configuration ¢; is given by (Della Santina
et al.,, 2020a)

AZ, Axily Ay
I+ 35 (i—1) == (@—-1) F'si
| Ay li lAzi i
1T R (G -1) 1+ (-1 s
I—Ax’i _IAy,i (41)
A; Si A; Si Ci
; d(L0+5L) T
1= # (Axi(1—c) Ayi(1-c) Assi)
i

where we substituted A; = [AZ; + Ai’i, s; = sin (%)’ and ¢; = cos (%i") for conciseness.

We describe the coordinate frame of camera i with {S,}. It is assumed that there exists a
fixed transformation T’ € SE(3) from frame {S¢;} to the camera frame {S }. {S;} is localized
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at a distance [, along the center-line from the base of segment i. The transformation
T (ge;) from the base to the frame {S;;} can be found with (4.1) by plugging in the
adjusted configuration g;; defined as

I
%= —-qi (4.2)

Loji
and the adjusted original length [,.
The SLAM algorithm provides a pose estimate for the translation igy,; € R* and rotation
Rifto’i € SO(3) relative to the known initial reference frame of the camera {Sc 1o,;}. Thus, we
first transform the pose estimates to the inertial frame of the robot {Sy}

fo' (B S e
(8) = (). s =ik @

where T3 € SE(3) and R$™ € SO(3) are the known transformation and rotation matrices
from the world frame to the initial frame of the ith camera, respectively.
We introduce the following notations for the PCC kinematics

'y =T(q) = T, <L:- qi) fe;
1
, (4.4)

A N A5E i le . i
R, =TIr(g) = R, (LZ ) qt’) Rg:i’

where i) and R%, describe the translation and rotation from the base of the segment to
the camera frame according to the PCC kinematic model for an estimated configuration
of the segment g;. fié_’il(qg’,-) and Iéf_’l(qc,) are based on (4.1) and a function of the adjusted
configuration g¢;; referenced in (4.2).

Additionally, the pose estimates by the SLAM algorithm need to be transformed to the
base frame of segment i. Thus, we introduce the following

i—1 T /fCi
AC: ¢ i - L
i =Yg gi-1.15) = H (Tfl—l (qf)) ( (1) ) ’
i=1

L . (4.5)
Iilcil = \PR(ql ql;l,l%(c]i) = H (R§71 ((i{)) RS'
i=1

Next, we define a cost function to optimize the pose estimate by projecting it into the
PCC-kinematics

ns
m;nZﬁ,l-@)uRfR,,-@, (4.6)
i=1
with

fi(@) = |0(G) — P - g1, £ -
fi(@) = [MR(G) — ¥r(gi .- g1, RS

(4.7)

F
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where the Euclidean norm is used to compute the translational error between the predicted
translation by the PCC kinematic model and the estimated translation by SLAM. The
rotational error is weighted with Ag € R and computed with the Frobenius norm between
the predicted rotation matrix by the PCC kinematics and the estimated orientation by
SLAM represented as a rotation matrix as well.

Please note that the optimization of the configuration estimate ¢ can be decoupled
for each segment. We start by optimizing the configuration of the first segment ¢; based
on ¥(i') and WRr(RS!). Next, we optimize the configuration of the second segment g,
taking into account the already optimized configuration of segment one in ¥,(g;, £*) and
‘I’R(él,li’g’z). Subsequently, we move on to optimize the remaining segments sequentially
as described by Algorithm 1. This procedure is also graphically represented by the right
side of Fig. 4.1(a).

Algorithm 1 Pose estimation for soft robots through SLAM

Input: o€ ]R"5Xh°xw° A > Observations of all cameras
Input: Rg’to” €S0(3), Toc’to’l € SE(3) > Transformation world to initial ith camera frame.
Input: Az €R > Weight of rotational error

Input: SLAM : R — R3xS0(3) > SLAM algorithm providing translations and
orientations based on images.

Input: II; : R® - R? > Translation component of CC forward kinematics.
Input: IIg : R® — SO(3) > Rotational component of CC forward kinematics.
Input: ¥, : R¥3DxR? - R3 > Translation of SLAM estimates.
Input: ¥y : R3-Dx50(3) - SO(3) > Rotation of SLAM estimates.
Output: g€ R3™ > Estimated robot configuration
1: i< 1
2: while i < ng do
5 (88,.R,) < SLAM(0;) > SLAM algorithm
4 (i5 . R§') « (T5" 80, RS RS > Transformation into world frame.

s ful@) < [TM(G) — ¥i(gs - g1, B

6o fai(@ < [MR(G) — ¥R(q1 - Gi1. RS

7 fei(@ < (@) + AR fri(Q) > Cost function for g
8: g < argmin, fo(q)

9: i<i+1

10: end while

4.3 SIMULATIONS

We quantitatively evaluate our approach in simulation for one soft robotic segment with a
camera attached to the tip of the robot. We first compute trajectories that behave according
to PCC kinematics. Next, we render photo-realistic images for the camera attached to the
tip of the segment for every time step using a virtual environment implemented in Blender.
Subsequently, we process the synthetic camera images with the ORB-SLAM (Mur-Artal
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Table 4.1: Parameters of the implemented trajectories. We list the amplitudes and the frequencies of the trajectories
parametrized by A, ; and A, ; as specified in (4.8).

Trajectory A A, F K
Trajectory 1: planar side bending 0.1 0 05 0
Trajectory 2: half 8-shape 0.05 005 1 05
Trajectory 3: full 8-shape 0.05 0.05 2 1

and Tardos, 2017) algorithm and project the estimated poses of the tip of the segment into
the PCC kinematic model as outlined in Section 4.2. Finally, we compare the estimated
poses against the ground truth and statistically evaluate the Root Mean Squared Error
(RMSE) both for translational and rotational estimates. More details follow.

4.3.1 SYSTEM
We consider a soft robotic segment of diameter 20 mm diameter and with varying lengths

Lo between 15 cm and 100 cm. As the camera is attached to the tip of the segment, we set
lo, = Lo and define Téc’l1 =%

4.3.2 TRAJECTORIES AND CALIBRATION SEQUENCE

Three different trajectories are considered for the simulated movement of the soft robotic
segment and its attached virtual camera. While the first one represents a planar side
bending, the second one describes an “8” shape with the tip, and the last one covers a
lobe of the “8”. Those trajectories were commanded in A, ; and A, ;, with the following
mathematical formulas:

Ax,l = Lo’le Sin(Zfo) Ay,l = LO,lAy Sin(ZJTfy), (48)

with Ly ; the unextended length of the robot, A, and A, amplitudes of the sinusoids and f;
and f, frequencies of the sinusoids. The parameters f; and f, are defined as follows with
k representing the current time index:

G VP Y ol
St A L kil

fx n m (4.9)

Please note that these trajectories do not contain any segment elongation. We list the chosen
amplitudes and frequencies of the trajectories in Table 4.1. Each trajectory is generated
considering different robot lengths, namely 15 cm, 30 cm and 100 cm. The number of time
steps ny is chosen at 120. The commanding of Ay; and A, ; is such that the amplitude
and frequency of the trajectory are independent of the number of frames (i.e., time steps).
In Figure 4.2, we show a 3D visualization of the trajectories corresponding to a segment
length of 15 cm.

In addition to the robot trajectory, a calibration sequence trajectory is designed to
initialize the SLAM map. It is good practice to move the camera parallel to the scene

captured. Accordingly, we decide to move the camera into the x cardinal direction of the
segment base frame with the translation distance proportional to the robot length.
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(a) Trajectory 1 (b) Trajectory 2 (c) Trajectory 3 (d) Virtual interior scene

Figure 4.2: 3D visualization of the three trajectories used in our simulations and experiments for a segment with
15 cm length. In magenta, we visualize the trajectory of the full robot, and in black, the tip positions. Additionally,
the tip orientation (red = x-axis, green = y-axis, blue = z-axis) is displayed. The virtual interior scene used for the
Blender renderings is presented in the last column.

Figure 4.3: Sequence of stills showing the rendered images by the virtual camera in Blender for three different
trajectories and a robot segment of length 15 cm. The trajectories are visualized in Figure 4.2.

Trajectory 3 Trajectory 2 Trajectory 1

4.3.3 RENDERING OF SYNTHETIC IMAGES

The rendering software Blender allows us, among other things, to load a 3D model of
the environment, follow customized trajectories with a virtual camera, and render photo-
realistic synthetic pictures of the environment from the chosen camera perspective. We
use an interior scene published by Nextwave Multimedia. We report a view of the scene in
Fig. 4.2(d). The virtual camera is set to be perspective with a focal length of 30 mm. For
each run, we randomly initialize the trajectory at one of seven predefined launch points
in the indoor environment to diversify the coverage of the environment. The x-, y-, and
z-coordinates of the seven initial positions have a standard deviation of 0.5 m, 0.2 m, 0.4 m,
respectively. The initial orientation represented in XYZ Euler angles varies with a standard
deviation of 0.05rad, 0.13 rad, and 1.17 rad. For each trajectory, we render 120 synthetic
images along the trajectory and save them to a folder for later offline processing by the
ORB-SLAM (Mur-Artal and Tardds, 2017) algorithm. Fig. 4.3 reports a few representative
stills of what the robot sees during one execution of the three trajectories discussed above.

4.3.4 IMPLEMENTATION OF ORB-SLAM

The synthetic images along the trajectory are processed offline by the ORB-SLAM (Mur-
Artal and Tardoés, 2017) algorithm. We rely on the official MATLAB implementation of
ORB-SLAM. While we run our simulations offline to decouple any delays by the rendering


https://www.nextwavemultimedia.com/html/3dblendermodel.html

4.3 SIMULATIONS 89

and/or SLAM pipeline, we would like to point out that other ORB-SLAM implementations,
such as, for example, in C++, are able to be run in real-time at frame rates of between 10 Hz
to 30 Hz (Mur-Artal and Tardos, 2017).

4.3.5 PROJECTION INTO PCC KINEMATICS

The trade-off parameter Ar between the rotational and the translational error in the cost
function (4.6) was manually tuned and set to Ag = 0.4. As the simulations do not con-
tain any elongations of the segment, we set §L; = 0 in (4.1). We solve the optimization
problem outlined in (4.6) using nonlinear least-squares with the Levenberg-Marquardt
solver (Levenberg, 1944; Marquardt, 1963) implemented in MATLAB as Isqnonlin.

4.3.6 EVALUATION METRICS

To quantitatively evaluate the performance of our proposed approach, we introduce error
metrics for both the translation and orientation estimates. We measure the translational
pose prediction error with a relative RMSE e;

A 2
JE, (it - el1.)
e =
\/Wt ltraj

where li;,j corresponds to the length of the trajectory and n; the total number of data points
along the trajectory. Similarly, we leverage the Frobenius norm for the rotational error eg

, (4.10)

5 (RS - RS1],)”

ng

er = (4.11)

t=1
As torsion can often be neglected for soft robotic arms, we state the angle error for
the orientation of the local z-axis of the tip of the segment for intuitive analysis of the
orientation estimates. First, the unit vector of the local z-axis {01}y is computed in the base
frame {Sy}
T . A T
fotdo=Ry, (0 0 1), {6:}=Rp, (0 0 1), (4.12)

which allows us to subsequently compute the angle error between the ground-truth z-axis
of the tip {o01}o and the estimated z-axis {01}

i (arccos ({01} -{61}0))> .

nt

eg, = (4.13)

t=1

4.3.7 RESULTS

We evaluate our proposed method in simulation on three different robot segment lengths
(15 cm, 30 cm, and 100 cm) and for the three trajectories previously described. We state
statistical results such as mean, standard deviation, and lower and upper bounds over seven
separate trials, each covering a different part of the indoor environment. The errors are
reported both for the SLAM estimates before optimization and after projection into the PCC
kinematics. While the results for the relative RMSE of translation estimates through the
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Table 4.2: Relative RMSE [%] for translations as referenced in (4.10) of various trajectories and of robot segments
with different lengths (15 cm, 30 cm, 100 cm). We state the error as mean + stdev (min, max) and compute the
statistics over seven trials from different initial poses.

Trajectory Optimization Lj;=15cm Los =30cm Lp; =100cm
Trajectory 1 No 9+3(5,12) 7+3(3,13) 3+£2(1,7)
Trajectory 1 Yes 0.4+0.2(0.3,0.8) 2+1(0,4) 1.04+0.7 (0.5,2.3)
Trajectory 2 No 9+4(4,17) 6+2(3,8) 1.9+0.9(1.0,3.0)
Trajectory 2 Yes 0.7+0.7(0.3,1.8) 0.74+0.4(0.2,1.2) 0.6+0.3(0.3,0.9)
Trajectory 3 No 6+5(3,16) 2.6+0.6(1.7,33) 6+14(1,37)
Trajectory 3 Yes 2+3(0,9) 0.5+0.3(0.1,0.8) 2+5(0,15)

Table 4.3: Rotational errors of various trajectories and for robot segments with different lengths (15 cm, 30 cm,
100 cm). We report both an absolute RMSE computed with the Frobenius norm between the rotation matrices as
stated in (4.11) and an angle error [rad] for the orientation of the z-axis of the tip of the segment as defined in
(4.13). We state the error as mean + stdev and compute the statistics over seven trials from different initial poses.

. . Lyy =15cm Ly; =30cm Lyy =100cm
Trajectory  Optim. r e, [rad] e e, [rad] e ¢, [rad]
Trajectory 1 No 0.010+0.004 0.005+0.002 0.016 +0.007 0.009 +0.005 0.027 +£0.017 0.02+0.01
Trajectory 1 Yes 0.007 +0.002 0.005+0.002 0.012+0.007 0.008 +0.005 0.027 +£0.019 0.024+0.01
Trajectory 2 No 0.02+0.02 0.01+£0.02 0.011+0.006 0.006 +0.002 0.015+0.008 0.009+0.005
Trajectory 2 Yes 0.02+0.02 0.01+0.02 0.016 +0.009 0.005+0.002 0.019+0.008 0.0134+0.006
Trajectory 3 No 0.1+£0.2 0.1+0.1 0.010+0.002 0.006 +0.001 0.24+0.4 0.1+£0.2
Trajectory 3 Yes 0.1£0.2 0.1+£0.1 0.02+£0.01 0.005 +0.002 0.2+£0.3 0.1+£0.2
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entire trajectory are shown in Table 4.2, the absolute RMSE of rotation matrices computed
with the Frobenius norm of the rotation matrices or the z-axis orientation axis angle error
are displayed in Table 4.3.

Our results show translation errors of on average 6 % to 9 % for short segments and 2 %
to 6 % RMSE relative to the trajectory length for long segments before optimization. The
projection into PCC kinematics significantly decreases the translational error by between
66 % and 96 % to 0.4 % to 2 % for short segments and 0.6 % to 2 % for long segments. We
state an absolute RMSE for the orientation estimates of the z-axis of the tip ey, as defined
in Eq. 4.13 of between 0.005 rad and 0.1 rad after optimization. The rotational error of the
orientation estimates varies by trial but, on average, stays constant across the optimization.
Choosing a bigger weight Ar on the rotational loss during the optimization resulted in
larger improvements for estimation of the orientation at the cost of higher translational
erTors.

4.4 EXPERIMENTS

We confirm the simulation results in a preliminary experimental study by mounting a
Raspberry Pi camera to the tip of a soft segment (Katzschmann et al., 2019). The robotic
segment is guided to follow three trajectories similar to the ones tested in simulation (see
Section 4.3.2). A motion capture setup is employed to gather an accurate ground truth on
the shape of the segment.

4.4.1 EXPERIMENTAL SETUP

We show the experimental setup in Figure 4.4(a). We consider a soft robotic silicone segment
consisting of four independently inflatable cavities. The segment has a cylindrical shape
with a length Ly ; of 11 cm and a radius d; of 21 mm. A 3D-printed ring with four motion
capture markers is located near the tip of the segment. We mount a Raspberry Pi camera
module v2.0 to the tip of the segment. This camera has a 8 MP sensor and records frames at
a sampling rate of 30 Hz and a resolution of 1080p. The focal length is 3.04 mm and the field
of view is 62.2° x48.8°. The camera module is attached to a Raspberry Pi 3B+ single-board
computer, which saves the frames for later processing by the ORB-SLAM (Mur-Artal and
Tardods, 2017) algorithm. The camera is screwed onto a custom 3D-printed holder, which in
turn is glued with the tip plane of the segment. The segment with its four air chambers is
actuated with a proportional pressure regulator. Tubing attached to the base of the segment
connects each chamber with the assigned pneumatic valve of the pressure regulator. The
segment is attached in an up-side-down configuration to the top plane of a cubical cage of
750 mm side length. For a straight segment, the camera is facing downwards towards the
floor of the cage, which is covered by multiple printed checkerboard patterns. We acquire
ground-truth pose information of the tip of the segment using an Optitrack motion capture
system. The ground-truth poses of the tip of the segment are recorded at 30 Hz. We also
include the elongation of the segment §L; in the cost function (4.6) of our optimization. To
resemble the calibration sequence from the simulation for the SLAM map, we manually
move the robot laterally into the x-coordinate direction before fixing it to the cage for the
start of the experiments.
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Pneumatic  Motion Capture Robot Motion Capture  Cubical Raspberry Pi Pneumatic
Tul:l'ing Camleras Base Calibration Square Cage 3 Model B+ Chambers

TR TP ITTIETPITTITY EEPIETRERTEETITE 2

e

Festo Checkboard Workstation Motion Capture Raspberry Pi
Motion Terminal Pattern Marker Ring Camera v2.0

(a) Experimental setup

(b) Trajectory 3

Figure 4.4: In Panel (a), a soft robotic segment is mounted to a cage with attached motion capture cameras. The
segment is pneumatically actuated by a pressure regulator (Festo Motion Terminal). A Raspberry Pi camera v2.0
is attached to the tip of the segment and, in a straight segment configuration, looks down towards check-board
patterns. Panel (b) depicts a sequence of stills showing the robot following trajectory 3 from two different vantage
points. The second vantage point differs 90° from the first one. The third row displays a few representative
frames, as recorded by the camera attached to the tip of the segment.
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Table 4.4: Real-world results before and after optimization. The translational errors are stated through a relative
RMSE as described in (4.10). For rotation, we report both an absolute RMSE computed with the Frobenius norm
between the rotation matrices as stated in (4.11) and an angle error [rad] for the orientation of the z-axis of the
tip of the segment as defined in (4.13). The results are averaged over two trials for each trajectory.

Error category Opt. Traj. 1 Traj. 2 Traj. 3

Translation e; No 203% 14.2% 9.1%
Translation e; Yes 9.1% 89% 5.0%
Rotation eg No 0.145 0.103 0.126
Rotation eg Yes 0.130 0.099 0.120
Rotation ey, No 0.079rad 0.068rad 0.084rad
Rotation ey, Yes 0.080rad 0.067rad 0.084rad

4.4.2 RESULTS

Our experimental results reported in Table 4.4 and visualized for trajectory 3 in Figure 4.5
show translational relative RMSE of between 9 % and 20 % for the three trajectories before
optimization. The orientation of the z-axis of the tip is estimated with a mean error of
approximately 0.075 rad. The translational error is improved to between 5 % and 9 % after
projection into the PCC-kinematics. The optimization also slightly improves the rotational
RMSE by 4 % to 10 % relative to naive SLAM.

The experimental results of the SLAM algorithm are coherent with the simulations,
as the small segment length (11 cm) used in the experiments increases the translational
errors, as shown similarly in the simulations for a robot of length 15 cm. Even though the
translational error is greatly reduced through optimization, it is still significantly higher
than in simulation. Two reasons for this difference could be that a) the segment in the
simulation was modeled as in-extensible, while the real robot segment is extended via
pneumatic pressurization, which introduces additional errors by SLAM not accurately
estimating the elongation movement and b) the real robot does not perfectly behave
according to the CC approximation as the simulated robot does.
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Figure 4.5: Experimental results for trajectory 3. Comparison between ground-truth (solid line), SLAM (dashed
line), and optimized through projection into PCC kinematics (dotted line) for translation and orientation estimates.

4.5 CONCLUSION

This chapter investigated using a monocular camera in shape sensing of continuum soft
robots, with the ultimate goal of implementing precise and reliable estimations at the cost
of introducing small rigid parts into the hardware design. The contribution of this chapter
has been twofold. First, we proposed to use monocular SLAM with a soft robot. Second, we
propose a regularization of the estimation based on a nonlinear projection in the manifold
of the admitted configuration. A nonlinear optimization implements the latter based on
the kinematic model of the robot. We have performed extensive simulations with rendered
images in Blender and lab experiments with a single-segment soft robot. The nonlinear
optimization based on the robot’s kinematic model led to a significant improvement in
translations and a marginal improvement in rotations. Future work will focus on extending
the experimental validation of the method to multiple segments and cameras, bettering the
SLAM by feeding back the kinematic projection in its state, and using this estimation to
implement closed-loop control. While we conducted our experiments in a lab environment
under ideal conditions with the camera pointed at checkerboard patterns, thus resulting
in plenty of image features for SLAM to track, future work should investigate whether
deployment environments for soft robots would be sufficiently feature-rich for the use of
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our proposed method.

AFTERWORD

This chapter demonstrated how inexpensive commercialized monocular cameras can be
effectively used together with established SLAM algorithms and kinematic models (e.g.,
PCC) to achieve shape sensing for soft robots. One of the main advantages of this solution
is that all necessary components are readily available - either commercially or even via
open source. Sharing the same vision, recent work by Caroleo et al. (2025) integrates
commercial miniature Time of Flight (TOF) sensors mounted at the segment tip with a
particle filter to estimate the end-effector pose by considering the deviation from a known
map of the environment.

However, the approach presented in this chapter also has some drawbacks: i) Firstly,
while cameras have been significantly miniaturized in recent years, the requirement for
them to have a clear, unobstructed view of the environment necessitates the inclusion of
a rigid component on the surface of the soft robot, which we generally prefer to avoid
for safety reasons. Secondly, ii), the performance of SLAM algorithms is affected in en-
vironments with limited visually distinguishable features. Finally, iii) high-dimensional
perceptive data, such as images, are generally computationally expensive to process, leading
to higher computational requirements and/or relatively low sampling rates of the shape-
sensing information. Therefore, we present in Chapter 9 an alternative shape-sensing
approach based on magnetic sensors. The necessary magnets and magnetic sensors can
be deeply embedded into the soft robot body, thus allowing us to keep the robot surface
entirely soft and compliant. Furthermore, the sensory data is several orders of magni-
tude lower-dimensional, and thus, its processing is potentially much less computationally
demanding.
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5

MODELING OF HANDED
SHEARING AUXETICS (HSA)
RoBoTS

Foreword. Novel soft robots based on HSAs show great promise by integrating mul-
tiple DOF in a compact form. Their parallel nature promises a larger payload capacity
while preserving compliance. Notably, they represent a paradigm shift in the soft robotics
domain by i) establishing compliance through their metamaterial structure rather than
material softness and ii) transmitting actuation through their elasticity with the auxetic
metamaterial instead of directly applying forces and torques into the desired directions
of deformation. However, despite the extensive literature on their design, fabrication,
and integration of sensing, the absence of kinematic and dynamic models hinders their
widespread adoption. These models are crucial for developing accurate simulators and
effective model-based controllers. This chapter addresses this gap by demonstrating how
kinematic (Section 5.3) and dynamical (Section 5.2) models can be derived for general 3D
motion scenarios. Furthermore, we present in Section 5.4 low-dimensional kinematical
parametrizations and a control-oriented Euler-Lagrangian model tailored explicitly to pla-
nar HSA robot motions. We follow here a strategy of exploiting the vast and well-grounded
literature on control-oriented modeling of rigid robotic manipulators and augment them
with a specialized kinematic model based on the PCS parametrization and a nonlinear,
actuation-dependent elastic model.
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Abstract. Electrically-actuated continuum soft robots based on HSAs promise rapid actuation
capabilities while preserving structural compliance. However, the foundational models of these
novel actuators required for precise control strategies are missing. This chapter proposes two key
components extending the Discretized Cosserat Rod Model (DCM) to allow for modeling HSAs.
First, we propose a mechanism for incorporating the auxetic trajectory into DCM dynamical
simulations. We also implement this extension as a plugin for the Elastica simulator. Second,
we introduce a SPCS kinematic parameterization that can describe an HSA rod’s shape with
fewer configuration variables. Subsequently, based on the augmented DCM model, we devise
a low-dimensional kinematic and a control-oriented dynamical model for planar HSA robots.
We verify all theoretical contributions experimentally. The HSA robot simulator is used to
replicate experimental data of the mechanical characterization of HSA rods. For the kinematic
description of the HSA rods, we attach motion capture markers at various points to a parallel
HSA robot and find that the shape of the HSAs can be kinematically represented with an
average accuracy of 0.3 mm for positions and 0.07 rad for orientations. Finally, the identified
Euler-Lagrangian model for planar HSA robots exhibits exceptional accuracy at predicting
future system states over a horizon of more than 4s.

This chapter is partly based on

B M. Stélzle, L. Chin, R. L. Truby, D. Rus, and C. Della Santina (2023, April). Modeling Handed Shearing
Auxetics: Selective Piecewise Constant Strain Kinematics and Dynamic Simulation. In 2023 IEEE International
Conference on Soft Robotics (RoboSoft) (pp. 1-8). IEEE (Stolzle et al., 2023).

[B) M. Stélzle, D. Rus, and C. Della Santina (2023, December). An Experimental Study of Model-based Control
for Planar Handed Shearing Auxetics Robots. In Experimental Robotics: The 18th International Symposium.
Springer (Stolzle et al., 2024b).

M.S. and C.D.S. conceived the project. M.S. and C.D.S. devised the modeling approaches. L.C., RLT., and D.R.
designed and fabricated the HSA robot. M.S. implemented the model, planned and executed the simulations
and the experiments, performed the data analysis, and wrote the manuscript. C.D.S. supervised the project and
revised the manuscript. C.D.S. and D.R. provided funding.
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5.1 INTRODUCTION

obots based on Handed Shearing Auxetic (HSA) are a recent development in the soft
R robotics field (Chin et al., 2018, 2019; Lipton et al., 2018; Truby et al., 2021; Zhang et al.,
2022a), which directly transform applied motor torques into complex motion primitives.
This novel type of actuator is based on an architected metamaterial. The most important
characteristic of this cylindrical metamaterial is that twist strains along the handedness of
the structure lead to an elongation of the rod, which is also called auxetic trajectory (Good
et al., 2022). An HSA robot combines multiple HSAs of different handedness with a platform
constraining the movement of the distal ends in the fashion of a soft parallel manipulator.
Differential elongation of the rods enables complex motion primitives such as elongation,
bending, and twisting (Chin et al., 2018), which can be seen in Fig. 5.2. HSA robots are
particularly difficult to model and control as the forces and torques causing the evolution of
the system are not directly produced by the actuator but instead are intrinsically generated
as an effect of the modified cell state of the metamaterial and of the interaction forces
coming from the parallel arrangement.

3D-FEM based approaches (Farrell et al., 2020) have proven to be effective in simu-
lating soft parallel structures (Vanneste et al., 2021) and could be a good candidate for
representing the complex behavior of HSA robots. However, in this chapter, we strive for
a less computationally expensive solution - towards applications in model-based control
(Della Santina et al., 2023). For this reason, we look at the framework of the DCM. The
Cosserat rod theory assumes the slenderness of the object, e.g., that the length is much
larger than the radius, and allows for the rod to exhibit all six principal strains. The 1D
discretization of the rod along its length dramatically reduces the computational demand
compared to FEM (Gazzola et al., 2018). Several works in recent literature have successfully
applied this framework to soft robotics (Armanini et al., 2023; Grazioso et al., 2019; Sadati
et al,, 2021). Among them, in PCS (Renda et al., 2018), the continuum dynamics of the
Cosserat model are discretized in space by keeping a selection of strains constant along a
segment of the continuum. The most popular PCS is PCC (Webster III and Jones, 2010),
which assumes a sequence of arcs. Functional extensions of PCS use a continuous function
to approximate the strain (Della Santina and Rus, 2019; Renda et al., 2020).

However, none of these methods are currently applicable to HSA robots, as they do not
embed a mechanism for incorporating the effect of the auxetic trajectory. We are aware of
just one work looking into kinematic modeling of HSA robots (Garg et al., 2022), which,

2 (58}

HSA robot

Simulation Kinematic model

Figure 5.1: An HSA robot in a twisted state: simulation and schematic of the kinematic model of a single HSA rod.
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HSA actuation: [] Initial state [0 Right-handed elongation [l Left-handed elongation

Figure 5.2: Motion primitives of HSA robots: elongation, bending in the four cardinal directions (e.g., north (N),
south (S), west (W), east (E)), and clockwise (CW) and counter-clockwise (CCW) twisting. First row (a): depicts
the necessary actuation inputs to generate these motion primitives. Pure elongation is achieved by applying the
motor torques of the same magnitude but in opposite directions to the left-handed (L) and right-handed (R) HSAs.
For bending, a delta exists in the elongation of the rods, while the sum of torques is still zero. Last but not least,
counter-clockwise twisting is achieved by applying more torque to the right-handed than to the left-handed HSA
rods. Second row (b): Snapshots of the experimental platform when actuated according to the above-specified
sequence. Third row (c): Renderings of simulated steady-states of an HSA robot. It consists of four HSA rods
and a platform at the distal end. The red arrows point along the local x-axis, and the green arrows along the local
y-axis, respectively. The blue arrow signifies the z-axis of the local frame of the platform.

however, models the backbone of the robot with PCC instead of modeling the HSAs. As a
consequence, the model cannot represent complex behaviors of the module, like the twist
in Fig. 5.1.

The goal of this chapter is to provide such a mechanism for the general movement of
HSA robots in 3D-space, to introduce a strategy for further reducing the dimensionality
of the model, to derive a control-oriented model for planar HSA robots, and to provide
extensive experimental validation for all. More specifically, our extension to the DCM
framework couples the twisting strain of the HSA rod to its rest length. Additionally, we
allow the rigidity of the rod to be modified as a function of the twist strain. We have
implemented this mechanism as a plugin for Elastica (Naughton et al., 2021), which we
provide open source'.

We then use a combination of CS and PCSs (Renda et al., 2018) to describe the shape of
HSA rods, which we call a SPCS model: while some strains, such as twist & stretch, are
mostly constant over the length of the entire HSA, other strains, such as bend & shear,
significantly vary and are thus captured in a piecewise parametrization. Our results show
that a kinematic parametrization with 11 DOFs is sufficient to capture the shape of HSAs.
Compared to the DCM strategy used for simulating HSAs, we have, therefore, significantly
reduced the DOF of the kinematics. We provide an open-source implementation of this
kinematic model in JAX?.

https://github.com/tud-phi/HSA-PyElastica
https://github.com/tud-phi/jax-spcs-kinematics
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This kinematic model could then be used to parametrize the deformation of each
limb in the parallel HSA rod. However, this would require the enforcement of kinematic
constraints (Armanini et al., 2021), which can be algorithmically and computationally chal-
lenging. We propose to avoid this complexity in the planar case by natively incorporating
the kinematic constraints into the model. In particular, we defining the CS of a virtual
backbone in the center of the robot to be our configuration variable. Finally, we derive the
system dynamics of a planar HSA robot in Euler-Lagrangian form.

In summary, we contribute to the state of the art in the modeling of soft robots with:

1. A mechanism for integrating the auxetic trajectory of HSAs into the discrete Cosserat
rod theory (Gazzola et al., 2018; Mathew et al., 2022).

2. A plugin for the Elastica simulator (Naughton et al., 2021), which also includes the
necessary boundary conditions and joint formulations to simulate HSA robots.

3. A Selective Piecewise Constant Strain (SPCS) kinematic model to parameterize the
shape of a single HSA rod with a dramatically reduced number of states.

4. A closed-form solution for the inverse kinematics of a planar CS formulation.
5. A Euler-Lagrangian dynamical model for planar HSA robots.

Contributions (1) and (2) are covered in Section 5.2. Subsequently, we introduce the
kinematic model from contribution (3) and experimentally verify it in Section 5.3. The
control-oriented model for planar HSA robots from contributions (4) and (5) and the
experimental validation are presented in Section 5.4.

5.2 DYynAMIC SIMULATION OF HSA RoBoTS

We introduce a new concept to enable the simulation of HSA robots with the discretized
Cosserat rod theory, which is used by many of the SOTA simulators of soft continuum
robots (Mathew et al., 2022; Naughton et al., 2021). While we provide an implementation of
the proposed concept as a plugin to Elastica (Naughton et al., 2021), the same strategy could
be used to adapt other simulators, such as SoRoSim (Mathew et al., 2022), to HSA robots. We
give some background on the DCM in Section 5.2.1. Then, in 5.2.2, we propose a mechanism
to infuse the auxetic trajectory for a HSA into the DCM framework. Subsequently, we
verify the steady-state behavior of an HSA against the mechanical characteristics in 5.2.3.
Next, we lay out in 5.2.4 the necessary boundary conditions of the HSAs and describe the
joint mechanism connecting the platform with the rods. Finally, we explain in Section 5.2.5
how we were able to reproduce in simulation the main motion primitives of HSA robots.

5.2.1 BACKGROUND: D1SCRETIZED COSSERAT ROD MODEL

This subsection will introduce the governing equations of the DCM following the work
by Gazzola et al. (2018). According to the Cosserat rod theory, a slender rod’s shape can
be purely described by the line along its backbone. The backbone curve is divided into a
discrete set of nodes with position r;(t) € R¥vi €{1,...,n, + 1} and n, links of orientation
Q;(t) € R¥3. Differentiating the position and orientation with respect to time gives the
translational and angular velocities v; = % €R3? and wi£ € R3. Each node has a mass of m;,
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and the rigid links are modeled to have a second mass moment of inertia J;. When a rod of
unstretched length L is at rest, each link has a length of ; and connects two consecutive
vertices. The circumflex accent will denote quantities in the rest configuration of the rod.
When the rod is in a deformed state, ! describes the current edge length and the shear
and axial strains are considered in the vector o = (ox oy O'Z)T. The curvature vector
K = (Kx Ky KZ)T captures the bending and twist strains. All strains are defined with
respect to the rest length of the link I;, and the dilation factor ¢; = % denotes the deviation

from that rest length. The shear and stretch stiffness is speciﬁe(f through the diagonal
matrix S = diag(Elyx,El, GL,;) € R*?, where E, G are the elastic and shear modulus
respectively, and I € R*? is the second area moment of inertia. Analogue, the bending
and twist rigidity is stored in B = diag(By, By, B;) € R**. For conciseness, we include only
the equation for the translational accelerations below. We refer the interested reader to
(Gazzola et al., 2018) for the equation on rotational accelerations and more complementary
details about the DCM.

Av; TS0l
mia—t’ =A’1<Q’@’£)+Fi ie{l,....,ny+1}, (5.1)
1

where F; € R? is the external force acting on the ith vertex. Several quantities are expressed
in the Voronoi domain D, in which the length of the region D; can be computed as
D; = %,i € [1,ny —1]. Examples are the the Voronoi curvature fciﬁ over the interior
vertices, and the bend twist stiffness matrix B;. A" : {R3}y — {R3}n+1 is used as the discrete
difference operator.

5.2.2 AUXETIC TRAJECTORY

We propose several adjustments to the standard definition of the DCM to allow for realistic
simulation of HSAs. The main assumption behind the proposed concept is that twist strains
agreeing with the handedness of the rod will modify the internal angle between the auxetic
pattern cells and, with that, also change the system characteristics such as spring constant,
blocked force, etc.

Most importantly, we introduce a distinction between the printed, initial length of the
HSA I and the rest length of the rod L. This allows us to mirror the auxetic trajectory, as
the minimum energy length is increased with applied twist angles / strains (Good et al.,
2022). Similar to the HAT accent, which denotes rest quantities, the BAR accent will point
out quantities of the HSA in the initial / printed state. We propose to linearly scale the
edge rest length I; with the twist strain K’L 2

L=+e)] ieft,..,ny+1}, (5.2)
£ = max (min (h C. Ah(iciﬁ,z), Emax) , emin) . (5.3)

In this expression, the twist strain Kiﬁ,z is elevated from the Voronoi to the vertex domain
with the averaging operator A" : {R3}y — {R3}n1. h € {—1,1} is the handedness of the rod.
Right is defined as the positive, and left as the negative handedness. C; is the extension
factor, which needs to be tuned with respect to the chosen auxetic pattern. The minimum



5.2 DYNAMIC SIMULATION OF HSA RoBoTs 103

and maximum extension &min, £max are the limits of the auxetic trajectory and depend on
the HSA type: for example, closed HSAs can only exhibit positive elongations (Good et al.,
2022). After the rest length is adjusted, the axial stiffness of the rod will guide the current

edge length [; towards the (target) edge rest length. Furthermore, we recall the definition
. o OT

of bend/twist strains: x}, = IOg(QZ’)iﬂg’) To keep the twist strain constant across the entire

auxetic trajectory, we define the twist strain with respect to the initial Voronoi length
1’) _ L=l .
L 2 .

- log(Qiy1 OF
Kb, = %, ie{l,..,ny+1} (5.4)
i

Table 5.1: Parameters of simulated HSA rods in Section 5.2.3 for various number of HSA row tilings nows. Row
tilings represent the number of vertically stacked unit cells (Good et al., 2022). The rest length L and the elastic
modulus E are linear functions of the twist strain k,. B, represents the twist rigidity.

Nrows L[mm] E[kPa] B, [Nm? /rad]
4 75(1+3.04K,) 576.9+36.1k, 0.00375
6 89(1+3.50k,) 309.3+13.1k, 0.00213
8 100(1+3.77k,) 203.5+10.6k, 0.00183
10 112(1+3.64«k,) 197.64+7.5k, 0.00167
12 124(1+3.53k,) 197.64+ 2.4k, 0.00124

Finally, recent work by Good et al. (2022) has shown that HSAs exhibits special mechan-
ical characteristics, such as the spring constant increasing with the twist angle. Therefore,
we allow the shear/stretch and bend / twist rigidity matrices S and B to be modified dy-
namically during the simulation with the twist strain. For example, the axial stiffness of a
closed HSA can be modeled as a linear function of the twist strain (Good et al., 2022)

St =8+ Cs, AN ), (5.5)
where Cg, is a tunable constant.

5.2.3 VERIFICATION OF HSA RoD STEADY-STATE BEHAVIOUR

We verify that our simulator can represent the steady-state behavior of a real HSA by
re-producing the characterization results for closed HSAs by Good et al. (2022). More
specifically, we let the simulator converge to a steady state and then identify several
mechanical properties such as blocked force (), minimum energy length, holding torque
(7n), and the spring constant (k). Following the reporting in (Good et al., 2022), we tune the
parameters of our simulation to match the behavior of closed Carbon FPU50 HSAs with
19 mm outside diameter, 2 mm wall thickness, as good as possible. We report the chosen
simulation parameters in Table 5.1. The HSA rod is modelled to consist of n, = 10 nodes
and 9 links with a material density of p = 1050kg/m?>. For all simulations, the proximal
end of the rod is constrained, and only rotations around the z-axis are allowed to mirror
the actuation with electric motors. Furthermore, twisting is constrained at the distal end,
which allows twist strains to build up in the rod. Otherwise, the distal end is unconstrained.
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Figure 5.3: Results for verification of steady-state behavior of the proposed simulator: the solid lines represent the
mechanical characteristics obtained for closed HSA rods by Good et al. (2022) with corresponding error bars. The
dashed lines correspond to the same characteristics obtained with our simulator. The simulation parameters are
separately tuned for HSAs with a variety of row tilings. When an HSA contains a higher number of row tiling, it
will allow for larger elongations while simultaneously trading off the spring constant (Good et al., 2022).

Next, we will go into more detail about each mechanical characteristic. Holding
torque: We apply a given torsional torque 7y, at the proximal end of the HSA and then
record the twist angle of the base ¢, at steady-state. Minimum energy length: The
proximal end of the HSA is rotated to a given twist angle ¢¢. The minimum energy length
is then identified as the steady-state length of the HSA. Spring constant: For a given twist
angle ¢, with the HSA at rest, the spring constant is identified by applying a small pulling
force to the distal end and then measuring the displacement of the tip at steady-state.
Blocked force: Different from the other simulations, the distal end is constrained at its
initial position to prevent the rod from extending. The blocked force F, is identified by
evaluating the internal axial force for a given twist angle.

The results show that the proposed simulator can accurately represent the steady-state
behavior of the HSAs with the simulated characteristics mostly staying within the stated
error range of the experimental measurements by Good et al. (2022). The only exception is
Fig. 5.3(a), in which the simulation is overestimating the blocked force F,. This points to
the fact that this linear approximation of the auxetic trajectory is only accurate in a limited
range of the motion range of the closed HSAs. Further research is necessary to come up
with auxetic trajectory models for semi-closed and open HSAs.

5.2.4 SIMULATING HSA RoBOTS: BOUNDARY CONDITIONS AND JOINTS
We discuss here how to combine a platform and multiple HSAs to form a HSA robot.
Assume to have nysa rods equally distributed along a circle of radius Reysa in the x-y
plane with the rods pointing towards the positive z-direction in a straight configuration.
We need boundary conditions for the proximal ends of the rods to generate the parallel
structure. The positions of the proximal nodes are constrained to remain at their initial
position 7. For the same purpose, the translational rates, e.g., vy, are set to zero at each
time step.

In our plug-in to Elastica, we provide the user with two options for actuating the HSAs.
(a) The orientation of the proximal link Q, is moved to a desired orientation QZ. In this
case, the twist angle ¢¢ of the proximal end is controlled. Again, the rotational rates wy
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are set to zero. (b) Twist torques 7y , are applied to the proximal link of the HSA. The two
remaining rotational DOFs (rolling and pitching) of the proximal link are constrained by
setting their rotational rates wox and wy,, to zero.

Additionally, rigid joints between the rods and the platform are necessary. These are
achieved by simulating a spring-damper system between the distal end of each HSA and
the platform. For the translations, we compute the contact force F; as

F.=kr (ré - rnv+1) +VF (vlj) - Unv+1), (5~6)

where kr is the translational joint stiffness, and v the translational damping coefficient.
While 7, 41, and v, 4+ are the position and the velocity of the distal node of the rod,
respectively, r{; and v{lv +1) are the position and velocity of the attachment point of the
same rod (e.g. the jth rod) on the platform. We determine the position and velocity of this
attachment point using rigid body kinematics with regard to the Center of Mass (COM) of
the platform. The contact force F. is applied with an opposite sign to the distal end of the
HSA and to the platform, respectively. Please note that the contact force F also generates a
torque 7f, on the platform, as the force is not applied at the COM of the rigid body.

Similarly to the contact force, a contact torque 7. is computed to reduce any error in
the orientation and angular velocity between the two systems

T =k; (Q; log(Qp Q;\,)) +ve (Q}wa; - szwnv) (5.7)

where the log(-) : R¥® — R? operator computes the rotation vector from the rotation
matrix (Gazzola et al., 2018), and Qp, is the material frame of the platform.

5.2.5 QUALITATIVE EVALUATION OF MOTIONS IN SIMULATION

We reproduce the typical motion primitives of a HSA robot consisting of four HSAs (e.g.,
npsa = 4) in simulation and show the final steady-states in Fig. 5.2. Two of the HSAs are
left-handed and positioned diagonally from each other. Each rod is discretized by n, = 25
links and 26 point mass vertices. Furthermore, it has a printed length of L = 100mm,
an outside radius of 25.4 mm and a wall-thickness of 2.43 mm. The rods are placed at
a radial distance of Rcsa = 24mm from the center of the robot, and a material density
of pusa = 1050kg/ m?® is assumed. Therefore, the chosen simulation parameters mirror
the geometric characteristics of our experimental platform. Based on an elastic modulus
E = 10 MPa and a shear modulus G = 0.6 MPa, the shear and stretch stiffnesses amount to
Syy =101.5N/m, and S, = 1753.5N/m. We set the bend and twist rigidities By, B,,, and
B, t0 0.02Nm?/rad and 0.014 Nm? /rad respectively. When twist strains are present, we
extend the rest length of the rod by 0.01 m/rad after taking into account the handedness of
the HSA.

The cylindrical platform is of diameter 95 mm, has a thickness of 3 mm and is modeled
to have a density of p, = 700kg/m?>. The joint stiffness parameters kr = 5-10° N/m and
k: = 20 Nm/rad are chosen for the fixed joint between HSAs and platform. The joint
damping coefficients vp, v, are set to zero.

Our qualitative results in Fig. 5.2 demonstrate that we are able to generate all motion
primitives in simulation. For the shown deformations, we apply maximum twist angles of
$o.max = 7 rad.
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5.3 A KINEMATIC MODEL FOR HSA RobDs

In this section, we aim to derive a forward kinematic model that can be used to describe
the shape of a single HSA rod with a minimum amount of parameters. More specifically,
we want to describe the transformation from the base frame {Sg} to a local frame {S,}, a
coordinate s € (0,L], which is a function of the soft robot’s configuration q. This coordinate
lies on the backbone of a HSA rod of printed (i.e., initial) length L.

5.3.1 SELECTIVE PIECEWISE CONSTANT STRAIN (SPCS) KINEMATICS

For this purpose, we combine the existing kinematic models CS and PCS (Renda et al., 2018)
to selectively keep specific strains constant along the entire length of the robot or vary
them piece-wise among the segments. This parametrization can be combined with the
results in Sec. 5.2 to generate a compact dynamic model for the movement of HSA robots

in 3D space.

/

': T2 = el2be
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' {g\‘l

Figure 5.4: Visualization of the proposed SPCS kinematic model for the case of ns = 2 segments: The forward
kinematics describe a transformation from the base frame {Sz} to the local frame {S,} at the coordinate s € [0,L]

and consist of a) a rotation around the zp-axis of the base frame by angle ¢, b) an exponential map G-I for
the transformation from the proximal end of the ith segment to the local frame of the coordinate s.

First, we define that
-
&(q,s)= (Kx Ky K; Ox Oy (72) eR® (5.8)

represents the three rotational and three linear strains present in a rod (Renda et al., 2018).
Subsequently, propose the following configuration vector for an HSA

.
q=(d0 as es:  PBesi qgcs,ns) (5.9)

where ¢y € R is the twist angle at the base and allows for the rotation of the motor
actuating the HSA rod. gcs € R™4CS is a strain component constant along the entire rod, and
gecs; € R™PSS i €{1,...,npcs} is the configuration of each PCS segment. The ith segment
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has a initial length of [; with its tip at the coordinate L; The strain in the ith segment is
then the sum of the rest strain &° = (0 0 0 0 O l)T, &cs, and é&pcs;:

& = £+ ®cs qes + Pecs,i gecsis i €{1,...,ns}. (5.10)

Analogue to the concept introduced in (Renda et al., 2020), ®cg € R®"aCS, dpcg € REMarcs
are the strain bases of gcs and gpcs respectively.

In this chapter, we specifically investigate a setting where the twist & stretch strains
are constant across the entire rod and the bend & shear strains vary for each segment.
Accordingly, we choose gcs = (KZ O'Z)T and gpcs; = (Kx,i Kyi Oxi Jy,,-)T. Then, the
corresponding strain bases are determined to be
1T

6x2
(DCS: E]RX,

=
=

(5.11)

6x4
Ppcs; = e R,

co Rk o ©O
oORr oo © o
- o oo © o

S o o~
co oo ©=
o oo o

Next, we find homogeneous forward kinematic mappings for the given configuration
and strains. As the twist angle ¢y demands a rotation around the local zp-axis of the
base frame, the matrix R%(¢o) € SO(3) contains the rotation from the base frame {Sp} to
the proximal end of the rod denoted as frame {Sy}. For a point s on the ith segment with
constant strain &, the transformation matrix from the segment’s proximal frame {S;_1} to

the local frame at coordinate s is given by the exponential map e : s¢(3) — SE(3) (Renda
et al., 2018)

CThE =gyt (s— L) &+ (1—cos((s— L) 6))

: _ _ 2 (5.12)
g’iz + ((S —Li1)6;—sin((s— Li—l)ei)) glls

where fi € s¢(3) is the strain twist vector and 0; = hcfm- + K?i,i + Kii is the magnitude of the

rotational strain. Therefore, the fully assembled transformation T,’é(q) from the base frame
{Sp} to the tip frame of the ith segment can be expressed as

Th(g) = TH($o) T, €¥4i(g) € SE(3). (5.13)

5.3.2 VERIFICATION OF SPCS KINEMATICS

The section is structured as follows. We introduce relevant actuation sequences for the
HSA robot. Next, we present an inverse kinematic approach to identify the kinematic
configuration. Translational and rotational error metrics are then defined to evaluate
the quality of reconstructions. Finally, we verify the performance of the proposed SPCS
kinematic model both for simulated data and on experimental datasets. The code and all
datasets are made available on GitHub 3.

Shttps://github.com/tud-phi/hsa-kinematic-model
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Figure 5.5: Verification of kinematic models in simulation. The plot in the first row shows the positional error ¢, of
the kinematic model against the simulated HSA. The plot in the second row visualizes the rotational error metric
equat, which is based on the vector component of the unit quaternion. For more information on the evaluation
metrics, we refer to Section 5.3.2. The kinematic model used here assumes the twist & stretch strains to be
constant along the entire HSA and the bend & shear strains to be captured by ns segments. Along this line, we
report the performance of the kinematic model for a parametrization containing one to five segments.

Marker ring  4x Servcl) motors Reﬂectilve marker Worksltation
1

—— e —————— m———— 1
i : } i v :
1
1 1 A=m—— : | ]
I [ i H 1 1
1 I H H 1 1
] 1 1 P 1
: : 1 J v
' v [

H )
1 1
1 1
P Loy 4 R 4 I
1 1 1 1 pm—————— L}
H Led. 1 Jm=————————— -»>
S S — :
== 1 1
Platform  4x FPU 50 HSAs 8x Motion capture cameras

Figure 5.6: Experimental setup with the HSA robot attached in platform-down configuration to the motion capture
cage. The robot contains two left-handed (L) and two right-handed (R) HSA rods, respectively. Rods of the same
handedness are placed opposite of each other. The reflective markers allow us to determine the pose information
of the base, an intermediate point along the left HSA rod, and the platform.

ACTUATION SEQUENCES

We collect datasets with a variety of actuation sequences, which include both pure motion
primitives and random actuation. For all sequences, we apply a twist angle of magnitude
|ug| € [0, r rad] at the base of each HSA. The sign of uq4 is determined by the handedness h of
the respective HSA. The elongation dataset consists of samples between the rest and fully-
elongated HSA state. Please refer to Fig. 5.2(a) for more details on how each motion primitive
can be invoked. For the bending motion primitive, we consider two separate trajectory
types: a) a Lemniscate trajectory and b) a trajectory containing circles of varying bending
angles. The different bending angles are achieved by varying the actuation angle from 20 %
to 100 % of its maximum magnitude. For each fixed bending angle, we collect 15 samples
along the circle, e.g. 15 different azimuth angles. To achieve the desired azimuth angle, we
smoothly interpolate between the east, north, west, and south actuation specifications of
Fig. 5.2(a). The twisting trajectory collects discrete samples between maximum clockwise
(CW) and maximum counterclockwise (CCW) twisting. Finally, we collect a dataset of
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randomly sampled actuation inputs, which combines the elongation, bending, and twisting
motion primitives. In total, the elongation and Lemniscate trajectories contain 100 samples
each, and the circles and twisting trajectory have 225 and 100 samples, respectively. 500
samples are included in the random actuation sequence.

INVERSE KINEMATICS

Differential inverse kinematics can be used to reconstruct the rod’s configuration g from N
known poses Tj; € SE(3),i € [1,N] along the rod. We implemented an inverse kinematics
algorithm based on the analytical Jacobian ] € R®7 of the pose representation

.
X,;’:( €y & N & Px Py pz) eR’,

which includes rotational orientation estimates in unit quaternion representation Q =
(sx £y & T])T and positions in Cartesian space p = (px Dy pz)T. Please note that
usually ¢ does not need to be found through (differential) inverse kinematics but can rather
be directly read out from the encoders of the electric servos. All N poses and Jacobians
can be vertically stacked as y € R”N and Jx € R’V respectively. This then allows us to
iteratively optimize the pose error e, = yq — ¥ between the known pose y4 and the pose y
computed using the forward kinematics

Gitr1 = G+ AJA (@) Ca = 2(9)), (5.14)
where q is the current configuration estimate, and A is the step size.

EvALUATION METRICS

We briefly introduce the metrics to quantify shape reconstruction accuracy by the proposed
kinematic parametrization. We first define a RMSE for comparing each ground-truth
position pi € Rt €{1,...,n,},i € {1,..., N} to the position estimated by the kinematic model
Pl over a time period of n; steps

ng N
=D, >, ”pt pt” €R. (5.15)
t=1 i=1
The rotational RMSEs equ,; is computed analogue by substituting p in (5.15) with the

quaternion vector component ¢ = (sx £y EZ)T. Finally, we compute the XYZ Euler
angle error as

ng N
Ceul = ZZ fS(R“R“)) €R’, (5.16)

where fs5(-) is the operator to compute the XYZ Euler angles § = (a B y)T from a
rotation matrix R € SO(3).

SIMULATION RESULTS
We employ the higher-dimensional HSA robot simulator proposed in Section 5.2 to generate
steady-state HSA states. We use the same simulation parameters as in Section 5.2.5.
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Table 5.2: Experimental verification of kinematic models on an HSA robot. Motion capture markers attached to
one of the HSAs provide two ground-truth poses along the rod, and we measure ¢, from the servo readings (13
constraints in total). In the spirit of an ablation study, we investigate different variations of the proposed kinematic
parametrization. For Constant Curvature (CC), Constant Twist (CT), Constant Shear (CSH), and Constant Axial
(CA) strain, the strain is kept constant along the entire HSA. For Piecewise Constant Curvature (PCC), Piecewise
Constant Twist (PCT), Piecewise Constant Shear (PCSH), and Piecewise Constant Axial (PCA) strain, the strain
components are parameterized separately for each of the two segments. Additionally, we test the importance of
including the shear strain component. For each kinematic parametrization, we state the DOFs. We report RMSEs
for both translations and rotations (see Sec. 5.3.2).

Trajectory CC CT CSH CA PCC PCT PCSH PCA DOF ¢, [mm] equ [-] ecule [rad] eeup [rad] eeuy [rad]

Elongation X v x v / X X X 7 1.010  0.0092 0.0029 0.0079 0.0166
Elongation X v X v / X v X 11 0.126  0.0082 0.0020 0.0031 0.0166
Elongation X x X X v v v v 13 0.009  0.0042 0.0020 0.0031 0.0070
Circles X v X v / X X X 7 1.744  0.0136 0.0108 0.0123 0.0228
Circles X v x v X v X 11 0.227  0.0082 0.0110 0.0122 0.0227
Circles X x X X v v v v 13 0.092  0.0093 0.0116 0.0125 0.0075
Lemniscate X v x v X X X 7 1.227  0.0098 0.0042 0.0051 0.0195
Lemniscate X v X v / X v X 11 0.215  0.0082 0.0045 0.0053 0.0195
Lemniscate X x X X v v v v 13 0.023  0.0052 0.0043 0.0054 0.0076
Twisting X v X v / X X X 7 2931  0.0136 0.0121 0.0186 0.0195
Twisting X v X v / X v X 11 0.263  0.0141 0.0130 0.0196 0.0194
Twisting X x X X v v v v 13 0.030  0.0127 0.0131 0.0217 0.0017
Rand. actuation X v X V / X X X 7 4.345  0.0381 0.0678 0.0544 0.0195
Rand. actuation X v X V / X v X 11 0.365  0.0383 0.0681 0.0544 0.0193
Rand. actuation X X X X v v v v 13 0.255  0.0380 0.0700 0.0527 0.0200

This provides us with 25 discrete poses along each of the four HSAs. Then, we perform
differential inverse kinematics with a step size of A = 0.2 to find an optimal configuration ¢
describing the shape of the HSA. We choose a higher step size (A = 1) for regressing the
twist strains.

For the kinematic model, we assume that the twist & stretch strains are constant along
the entire HSA rod. The bend & shear strains, on the other hand, are instead piece-wise
constant across ng segments. We evaluate the influence of the ng parameter and test the
performance of a kinematic model involving between 1 and 5 PCS segments.

The results are in Fig. 5.5. While a kinematic model with a single CS segment still
works sufficiently well for the elongation and bending motion primitives, its performance
deteriorates for any trajectories involving twisting. Instead, two segments of our model
are sufficient to accurately represent the shape of the HSA.

EXPERIMENTAL RESULTS

In addition to the simulations, we also experimentally verify the kinematic model using
an HSA robot consisting of four closed rods 3D-printed via digital projection lithography
from the flexible photopolymer resin Carbon FPU 50 (Truby et al., 2021). Each HSA rod
was printed to a length of L = 101.6mm and is independently actuated by DYNAMIXEL
MX-28T servo motors. As seen in Fig. 5.6, we attach motion capture markers to several
points on the robot to track the ground-truth pose information. Namely, we measure the
pose of the motor base, the platform, and the midpoint of one of the right-handed HSA
rods (i.e., the front-left HSA on the picture). Please note that we extract the rotation angle
¢o from the servo encoders directly. The robot is mounted at its base to a cubical cage of
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(a) Lemniscate trajectory

(b) Twisting trajectory

Figure 5.7: Sequence of stills for a Lemniscate and a twisting trajectory. Top row i): frames of a video recording of
the HSA robot during the experiments. The shape of the front-left HSA rod is fitted using inverse kinematics and
rendered in ii). Bottom row ii): Rendered shape of the HSA rod produced by evaluating the forward kinematics
along the backbone length. The arrows with full opacity denote the ground-truth pose of three points along
the HSA rod as measured by the motion capture system. The red arrow points along the local x-axis, and the
green arrow along the local y-axis, respectively. The arrows with slight transparency represent poses along the
backbone computed with the forward kinematics. We assume the last 25 mm and 20 mm at the proximal and
distal end of the rod, respectively, to be rigid and therefore do not include them in the kinematic parametrization.

side length 750 mm in platform-down configuration. Eight Optitrack Prime X 13 cameras
are attached to the cage, tracking the reflective markers at 30 Hz.

We actuate the robot from a workstation next to it, with the control loop running at
10 Hz. The control loop communicates motor position setpoints ug € R* to the servos. The
inner control loop of the servos then applies the appropriate torques to guide the motors
toward the desired position. As soon as the motors have reached their goal position, we
wait for 2 s to reach steady-state and then read out the pose measurements.

In Fig. 5.7, we show sequences of stills for the Lemniscate and twisting trajectory.
The kinematic model used here assumes a constant twist strain along the entire rod and
employs two PCS segments to capture the remaining five strains. We see that, except for
extreme twisting states, e.g., the far right image in Fig. 5.7(b), the kinematic model is able
to represent the complex HSA shape very well.

In Tab. 5.2, we quantitatively evaluate multiple kinematic models on the trajectories
defined in 5.3.2. The first (7 DOFs) and second (11 DOFs) kinematic models are very similar,
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as both assume constant twist and constant stretch along the entire HSA. The other strains
are contained in two PCS segments in both cases. However, the first model exhibits much
larger positional errors as it neglects shear strains, which are very important in HSA robots
but were not accounted for in the literature (Garg et al., 2022). The third model provides
the upper bound on the performance, as it has with 13 comparatively many DOFs and uses
a piecewise formulation with two segments for all segments.

5.4 KINEMATIC AND DYNAMIC MODELING OF PLANAR HSA

RoBoTs
In this section, we present a control-oriented, compact kinematic and dynamic model for
planar HSA robots. We first introduce the kinematic model of the robot and then derive
the dynamic model in Euler-Lagrangian form. We then verify the predictive capabilities of
the dynamic model on unseen trajectories.

5.4.1 KINEmMATIC MODEL

Following the discrete Cosserat approach (Renda et al., 2018), we characterize the configura-
tion space of the virtual backbone by assuming a CS model ,£(t) = [V Kbe pKsh p oax] "o
I3 q(t) € R3, where kpe, 0, and o,y denote the bending, shear, and axial strain respectively.

Given g, the pose y = [px Dy 9] Te SE(2), and a point coordinate along the backbone
s €[0,1°], the forward and inverse kinematics are provided in closed form as

Sbe. Che—1 2
Ogsh )f_ec+0—ax Kl;e 0 s
Xzﬂ'(q’s): GshT:e"'o'axKLbZ > q:Q(X:S)Zg py_cz—é > (5.17)
'y S0
Kbe S TPx T g1

where we use the shorthand notations sp. = sin(kpe$), cpe = cos(kpes), sg = sin(8), and
cg = cos(0). Furthermore, the forward kinematics of the physical rods P;, i € {1, 2} can be
derived by first following the transformations of the virtual backbone and then adding a
local translation [+r,¢f,0]" with rgr being the offset distance from the virtual backbone to
the centerline of the HSA rod. After closing the kinematic chain, we identify a mapping
Bi : y& — p,& from the strains of the virtual backbone to the strains in the physical rods:

T . .
Bi(y&) = [v Kbes pOsh»  pTax £ Foff vae] . Analog to the dynamic simulator in Sec. 5.2,

we model the auxetic trajectory of the HSAs by coupling the rest length I; to the twist
strain Ky, of the ith HSA rod: [; = (1+ €;)I° = (1+ h; Cektw,;) where [° is the printed length
of the rod and C,. a positive constant. The handedness h; € {—1,1} describes if positive or

negative twist angles are needed to elongate the closed HSA. For a given vector of rod twist
+

angles ¢ € R? and after defining ¢ = h;¢;, the elongation of the ith rod is then ¢; = Ceq;—(;.

5.4.2 DyNamiCc MODEL

We aim to devise a dynamic model in the Euler-Lagrange form M(q)§+ C(q,q)q+ G(q) +
K(qg—q°)+Dg = a(q, ¢), where M(q),C(q,q),K,D € R*>? are the inertia, Coriolis (derived
with Christoffel symbols), elastic, and damping matrices, respectively. ¢° € R® captures
the rest configuration. The terms G(q) and a(q, ¢) € R® describe the gravitational and
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actuation forces acting on the generalized coordinates. The state of the robot at time ¢
can be therefore described by x(t) = [qT(t) qT]T € R®. The inertia matrix is found by
following the standard procedure of integrating mass and rotational inertia along the HSA
rods (Della Santina et al., 2023). Additionally, we consider the inertial contribution of the
platform mounted to the distal end of the robot. Under the small strain assumption, the
elastic forces of the ith HSA rod can be modeled as

Sbei($i)  Sbesh 0 P, Kbe KD,
pTKi=| Sbesh  Sshi(¢i) 0 pOsh|—| oY , (5.18)
0 0 Sax,i(¢i) P; O ax ng + 6i(¢i)

where 1, 0= [ng ol USX]T denotes the rest strain, Spe ;(¢:), Sshi(9:), Saxi(¢;) are the
bending, shear, and axial stiffnesses which are defined as linear functions with respect to
the twist angle of the rod ¢; (Good et al., 2022; Stolzle et al., 2023):

Sbei($1) = Sbe + Cs,. 7> Ssni($i) = Ssn+ Csy ¢ Saxi($i) = Sax + Cs, ¢ (5.19)

The coefficient Spe sh accounts for the elastic coupling between the bending and the shear
strain. Subsequently, we project the forces into the virtual backbone by premultiplying with
][;r = g—gT and then sum the contribution of all rods. Finally, we group all terms depending
on the control input ¢ in a(g, ¢) and everything else in K. After modeling the dissipative
forces in each HSA as diag({be, {sh» ax) p,£, we derive the damping matrix in configuration
space as D = Y2, J] diag(Zoes G o) Jps = 2iag (Goe + 1 G oo Gax) - We open-source

the derivation of the Euler-Lagrangian dynamics and a JAX implementation of a simulator
based on them on GitHub*.

5.4.3 MODEL VERIFICATION

EXPERIMENTAL SETUP

We evaluate the planar HSA model experimentally. The material choice of the HSA is crucial
and has a significant influence on the resulting mechanical characteristics of the robot (e.g.,
blocked force, holding torque, bending stiffness, etc.) (Truby et al., 2021). Furthermore,
specific material requirements are dictated by the nature of the design of the HSA rod. The
structure of the metamaterial is made of struts connected by living hinges. These living
hinges must be thin, flexible, and accommodate high strains (Truby et al., 2021). In order to
ensure that the system model is effective and suitable for a range of different materials, we
decided to conduct the experimental verification on HSAs 3D-printed via digital projection
lithography either using the photopolymer resin Carbon FPU 50 (Car, 2020b) (stiffer) or
the elastomeric polyurethane EPU 40 resin (Car, 2020a) (softer).

The Dynamixel MX-28 servo motors are set to use position control mode. The robot
is mounted platform-down on a cage with an Optitrack motion capture system, which
measures the SE(3) pose of the platform at 200 Hz. Our algorithms run within a ROS2
framework®. The pose measurements are first projected into the plane of actuation and
serve as an input to the closed-form inverse kinematics introduced in (5.17).

‘https://github.com/tud-phi/jax-soft-robot-modeling
Shttps://github.com/tud-phi/ros2-hsa
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End effector position pe. [mm]

Time ¢ [3] Time ¢ [3]

(a) FPU: End-effector pose (b) FPU: Configuration

End effector position p [mm]
e

Time ¢ [s] Time ¢ [3]

(c) EPU: End-effector pose (d) EPU: Configuration

Figure 5.8: Verification of the system model and the identified system parameters on an unseen trajectory with the
HSA being randomly actuated through a GBN sequence: the solid line denotes the actual trajectory. In contrast,
the dashed line visualizes the trajectory simulated with the system model. We report results for both FPU and
EPU-based HSAs.

SYSTEM IDENTIFICATION

Next, we strive to identify the parameters used in our dynamic model. We assume the
robot’s geometric and mass density properties to be known or easily measurable. As
knowledge about the damping coefficients is not required by the control law, only the
experimental identification of elongation and stiffness characteristics remains. For this, we
measure the response of the system to step and staircase actuation sequences. Afterward,
the parameters are regressed using least squares. For the FPU-based robot, we identify

CPPU = 0.0098m/rad, SV = 0.00057-107° —9.7-107° ¢' 2, SFPU = 0.591 — 0.00048 ¢' N,
SEPU = 5.665+0.0151 ¢—N and S = 4.48-10” 3Nrn/rad where I° = 0.059m. Furthermore,
we regress CEPU = 0.0079m/rad, SEPV = —2.5-1075 +3.9-1077 ¢‘ Nm?, SEPU = 0.0428 —

0.0029 9N, SEPU = 0.0+0.0098 %N, and SEFY = —0.0005Nm/rad for the EPU HSAs which
have the same length as the FPU HSAs. Finally, we identify the axial rest strain o, before
the start of each experiment. We notice that the EPU-based HSA robot is approximately
one order of magnitude more flexible than the FPU-based robot.

REsuLTS
We verify the accuracy of the proposed system model and the identified parameters on
trajectories unseen during system identification. We generate the trajectories by actuating
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the robot with a Generalized Binary Noise (GBN) (Tulleken, 1990) sequence with a settling
time of 0.5 s and at each time step k randomly sample ¢(k) ~ U'(0, pmax). We simulate the
model evolution with a Dormand-Prince 5(4) integrator and a time step of 0.1 ms. Fig. 5.8(a)
shows the model exhibiting excellent accuracy for representing the behavior of FPU-based
HSA robots. We observe more significant errors in the shear estimate for EPU-based HSA
robots in Fig.5.8(d). Specifically, the CS model no longer seems sufficient for capturing
the robot’s shape, particularly for larger bending angles. Therefore, we suggest for future
work to employ kinematic models with more DOF such as PCS as proposed, for example,
in Sec. 5.3 or (Renda et al., 2018).

5.5 CONCLUSION

This chapter provided solutions for the first time for modeling the kinematics and the
dynamics of electrically-actuated continuum soft robots based on Handed Shearing Auxetics.
We have shown that coupling the twist strains to rest lengths can allow simulators based on
the discrete Cosserat rod theory. While the proposed linear approximation of the auxetic
trajectory works well for closed HSAs within a bounded motion range, future work shall
derive a more general model also applicable for semi-closed and open HSAs (Good et al.,
2022). Furthermore, we have proposed the SPCS kinematic model that can express the
shape of HSAs with 11 DOFs. Fitting this kinematic model to the experimental results
showed a very good match for representing the shape of the HSAs. In particular, for large
actuation magnitudes within the twisting motion primitive, the HSAs leave the auxetic
trajectory and seem to experience buckling behavior. For this case, the SPCS model is not
accurate anymore. Finally, we presented a control-oriented dynamic model for planar HSA
robots and verified it experimentally. The conducted experiments gave us deep insights
into the particular characteristics of HSAs and how well our model is able to capture them.
We see excellent agreement for predicting the dynamical behavior of HSA robots made of
FPU material. We observed the time lag of the model to be larger for EPU-based robots, as
seen in Fig. 5.8(c). This probably is the result of the hysteresis characteristics of HSAs (Good
et al.,, 2022). For EPU-based HSAs robots, we observe that the model does not fully capture
the shear dynamics.

AFTERWORD

This chapter presented approaches for representing the kinematics and dynamics of HSA
rods in the general case. Additionally, we introduced the first low-dimensional kinematic
parameterizations and control-oriented dynamical models for planar HSA robots. Next,
Chapter 6 will focus on leveraging the models proposed in this chapter for model-based
control of planar HSA robots. Namely, this includes the development of stable and effec-
tive configuration-space integral-saturated PID+potential-shaping and operational space
impedance controllers. Subsequently, Chapter 7 will develop a BMI strategy for guiding
soft robots, and specifically HSA robots, using motor imagery in a safe and compliant
fashion.
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MobDEL-BASED CONTROL OF

HANDED SHEARING AUXETICS
(HSA) RoBoTs

Foreword. In Chapter 6, we developed kinematic and dynamical models for planar HSA
robots. However, the control of HSA remains an unexplored area, both in our previous
chapters and in the existing literature. We present in this chapter various model-based
control approaches for planar HSA robots, ranging from PID (with integral saturation) +
potential-shaping configuration-space control (Section 6.2) to Cartesian-space impedance
control (Section 6.3). Notably, we rigorously validate and benchmark the proposed control
strategies experimentally on two different HSA robot prototypes.

Abstract. The control of robots based on Handed Shearing Auxetics (HSAs) is especially
challenging due to varying and coupled stiffness, shearing, non-affine terms in the actuation
model, and underactuation. In this chapter, we present two model-based control strategies
for planar HSA robots enabling regulation in operational space. Firstly, we propose a control
strategy composed of steady-state planning for identifying a statically admittable robot
shape with matching actuation and a P-satl-D feedback controller compensating elastic and
gravitational forces in configuration space. Secondly, we derive an operational space impedance
controller that allows us to unite the soft robot’s embodied intelligence with computational
intelligence to guarantee compliance and interaction safety. We experimentally verify both
proposed control strategies in closed loop.

This chapter is partly based on

[B M. Stélzle, D. Rus, and C. Della Santina (2023, December). An Experimental Study of Model-based Control
for Planar Handed Shearing Auxetics Robots. In Experimental Robotics: The 18th International Symposium.
Springer (Stolzle et al., 2024b).

¥ ) M. Stélzle®, S. S. Baberwal®, D. Rus, S. Coyle, and C. Della Santina (2024). Guiding Soft Robots with
Motor-Imagery Brain Signals and Impedance Control. In Proceedings of the 2024 IEEE 7th International
Conference on Soft Robotics (RoboSoft) (pp. 1-8). IEEE. Received the Best Paper Award (Stolzle et al., 2024a).

M.S. and C.D.S. conceived the project. M.S. and C.D.S. devised both control approaches. L.C., RLT., and D.R.
designed and fabricated the HSA robot. M.S. implemented the model, planned and executed the simulations
and the experiments, performed the data analysis, and wrote the manuscript. S.S.B. and S.C. were not directly
involved with the control aspects presented in this chapter, but instead contributed to the BMI presented in
Chapter 7. C.D.S. supervised the project and revised the manuscript. C.D.S. and D.R. provided funding.
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6.1 INTRODUCTION

Ecent work has investigated proprioception (Zhang et al., 2022a), the mechanical
R characterization (Good et al., 2022), simulation (St6lzle et al., 2023), and kinematic
modeling (Garg et al.,, 2022; Stolzle et al., 2023) of HSA robots but control has yet to
be tackled. In this work, we make a first step towards achieving task space control by
designing model-based regulators for planar motions. Our approach considers essential
characteristics of HSA robots, such as underactuation, shear strains, and varying stiffness.

In Chapter 5, we derived a dynamic model for planar HSA in Euler-Lagrange form and
experimentally verified it. We notice that the resulting planar dynamics are underactuated
and that the actuation forces are non-affine with respect to the control inputs, which are
the motor angles. The latter is a peculiarity of these systems, rarely observed in other
robots. Based on the model knowledge, we propose in this chapter two control strategies
for planar HSA robots capable of regulating the end-effector towards a desired position in
task space. The first strategy, as shown in Fig. 6.1(a), performs steady-state planning to
identify an admittable configuration and steady-state control input matching the desired
end-effector position and then subsequently applies a P-satl-D feedback controller (Pustina
et al., 2022a) on the collocated form (Pustina et al., 2024a) of the system dynamics. The
second strategy, as shown in Fig. 6.13, directly regulates the end-effector position using a
Cartesian impedance controller that fully preserves the softness of the robot.

In summary, we state our contributions as (i) a provably stable model-based control
strategy for guiding the end-effector of the robot towards a desired position in Cartesian
space with a configuration-space controller that combines an integral-saturated PID with
a potential shaping feedforward term, (ii) a Cartesian impedance controller that allows
combining the passive compliance of the HSA robot with active compliance in the control
strategy and (iii) extensive experimental verification of both control strategies. A video
accompanies this chapter explaining the methodology and displaying video recordings of
the control experiments’.

6.2 CONFIGURATION SPACE REGULATION

In this section, we derive a model-based control strategy in configuration space for achieving
setpoint regulation that combines an integral-saturated PID controller with a potential-
shaping feedforward term. We first introduce the dynamical model of the planar HSA
robot and then present the control strategy. Subsequently, we present a steady-state plan-
ning procedure to identify admittable configurations and matching steady-state actuation.
Finally, we experimentally verify the proposed control strategy in closed loop.

6.2.1 BACKGROUND: DynamicAL MODEL

As introduced in Sec. 5.4, the state of a planar HSA robot at time t can be therefore described
by x(t) = [qT(t) qT] Te RR®, where ke, 0, and o,y denote the bending, shear, and axial
strain respectively. The dynamical model is then given in Euler-Lagrange form as

M(q)§+C(q,§)g+G(q)+K(q—q")+Dg = a(q, $). (6.1)

https://youtu.be/7PgKnE_MOsY
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where M(q),C(q,¢),K,D € R3*3 are the inertia, Coriolis, elastic and damping matrices,
respectively. q° € R? captures the rest configuration. The terms G(q) and a(q, ) € R®
describe the gravitational and actuation forces acting on the generalized coordinates. We
provide examples in Fig. 6.1(b) of the operational workspace that can be achieved with
this kinematic model. We stress that (a) the derived dynamical model is not affine in the
control input and (b) the system is underactuated.
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Figure 6.1: Panel (a): Block scheme for configuration-space regulator: we plan the steady-state behavior such
that the end-effector matches the given desired position pl,. The outputs of this planning are the steady-state
actuation ¢** and a suitable end-effector orientation 6%, After leveraging inverse kinematics to identify the
desired and current configuration, ¢ is mapped into a collocated form where the inputs are decoupled. Finally, we
use a P-satl-D feedback controller on the actuation coordinates ¢. Panel (b): Visualization of the operational
workspace of a planar HSA robot consisting of FPU rods. The colored area within the black dashed borders
represents the positions the end-effector (visualized as a dot) can reach. The coloring denotes the mean magnitude
of actuation (i.e., twisting of the rods). Furthermore, we plot three sample configurations: the unactuated straight
configuration g = [0,0,0]" (blue), maximum clockwise bending q = [-11.2rad/m,0.08,0.30] " (red), and maximum
counter-clockwise bending q = [11.2rad/m,—0.08,0.30] " (green).

6.2.2 CONTROL STRATEGY

Our goal is to control the end-effector, which is defined as the distal surface of the platform,
to a desired position in Cartesian space pd, € R%. However, the mapping into configuration
space is not trivial as we do not know which end-effector orientation 0. is feasible at steady-
state. To tackle this challenge, we perform steady-state planning identifying admittable
configurations ¢ and matching steady-state actuations ¢*, which allow the robot’s end-
effector to statically remain at pd,. More details on the used planning procedure can be

found in Section 6.2.3.

In principle, we can command ¢ = ¢** to achieve regulation towards the desired end-
effector position. Nevertheless, we add a feedback controller to compensate for any errors
in ¢* caused by unmodelled effects such as hysteresis. Unfortunately, as illustrated in
Fig. 6.2, the non-affine actuation a(q, ¢) would complicate the design of such a feedback
controller. Therefore, we perform a first-order Taylor expansion of the actuation forces with

respect to ¢ resulting in a configuration-dependent actuation matrix A¢ss(q) = %‘ p—y €

R3*2. This allows us to re-write the right side of the EOM as T = a(q®, ¢%) + Agss (@) u

where u = ¢ — ¢*° is the new control input. To improve the robustness of the control
loop, we compute u with a P-satl-D control law (Pustina et al., 2022a). However, our
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system is underactuated and in a non-collocated form. Therefore, we apply a coordinate

transformation i : ¢ — ¢ € R3 recently introduced by Pustina et al. (2024a) which maps
the EOM into a form where ¢ applies direct forces on the actuated configuration variables.

The map is given by h(q) = [/Ot q" Ags(g)dr, osh]T = [h1(q), hy(q), O'Sh]T with

h; K2
2 b 0 0
hl(q) = CS,ax 170 [2 gi(¢1§s)(iroff Kbe + o'ax) + Toff 26 =+ Toff Oax Kbe F Toff Kbe Oax + Oax Oax

hi 0 O'SZh A h,‘
+CS,sth) Och Jsh_T +SaxTO Ce | £ Toff Kbe + Tax |- (6~2)

2
Kbe

2
o h
o +CS,b7 [ngkbe— o

i
2 0

The Jacobian J,(q) = S—Z is used to formulate the dynamics M, ¢ + 1,(¢, 9) ¢+ G, + K, +
D, ¢ = ]h—T(q) a(q®,¢%°) + Ay u in the collocated variables (Khatib, 1987), where A; =

[]Iz 02X1]T. In the following, we will denote with the subscript a the first two actuated
coordinates ¢,. Finally, the full control law of the P-satl-D is given in collocated form as

t
¢=¢%+ Kp(ng —¢)—Ky@a +Ki/0 tanh(y ((pit, —@a))dt’, (6.3)

where K, Ky, K; € R2*2 are the proportional, derivative, and integral gains respectively, and
y € R®? horizontally compresses the hyperbolic tangent. While the proposed P-satl-D
control law compensates gravity through ¢*°, we can extend the approach to include gravity
cancellation (P-satl-D + GC) by evaluating G, , at the current configuration:

t
$ = ¢% = Gpa(q®) + Gpal@) + Kp(0l — 0) — Kaga + K / tanh(y (¢l ) — @) dt’. (6.4)
0
The implementation of all control laws is available on GitHub?

6.2.3 STEADY-STATE PLANNING

Our approach, as detailed in Section 6.2.2, requires us for a given desired end-effector
position pg. to identify a statically-feasible configuration q¢ with the matching steady-state
actuation ¢%.

We perform online static inversion to identify admittable desired configurations ¢4
and matching steady-state control inputs ¢* during our experiments involving the FPU
HSA robots. First, we substitute the inverse kinematics gee(Yee) into the static EOM.
Then, as illustrated in Fig 6.3, we find the roots of the equation G o gee(yL) + K o 0ee(xL) —
a(Qee( )(éie), Pss) with respect to (e, Pss) € R using nonlinear least-squares while enforcing
constraints on the sign of ¢. We solve this optimization problem with projected gradient
descent.

In contrast, the static inversion optimization problem is not well-behaved for the
identified EPU system parameters. Instead, we rely on rolling out the dynamics over a
duration tg to steady-state and then optimize the steady-state input ¢* such that the final
end-effector error |pd, — p%3| is as small as possible. We formalize this optimization problem

https://github.com/tud-phi/hsa-planar-control
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in a least-squares fashion

H 1 ss
¢* =argmin  _lpe~ PRI,
’ (6.5)

Lss ss
st 2 =xtw)+ [ .9 x::=[§:: = 7ee(®),
to ee

where x(t) = f(x(t), $) are the nonlinear state-space dynamics based on the EOM derived
in Section 5.4.2 and ¢ € R? is constant in time. We solve (6.5) online using the Levenberg-
Marquardt algorithm. Finally, we choose q¢ = ¢ and y& = 7e.(q%).

6.2.4 EXPERIMENTAL SETUP

We evaluate the system model and our proposed control approach on a robot consisting of
four HSA rods. The material choice of the HSA is crucial and has a significant influence on
the resulting mechanical characteristics of the robot (e.g., blocked force, holding torque,
bending stiffness, etc.) (Truby et al., 2021). Furthermore, specific material requirements
are dictated by the nature of the design of the HSA rod. The structure of the metamaterial
is made of struts connected by living hinges. These living hinges must be thin, flexible,
and accommodate high strains (Truby et al., 2021). Therefore, we decided to 3D-print the
HSAs via digital projection lithography either from the photopolymer resin Carbon FPU
50 (stiffer) or the elastomeric polyurethane EPU 40 resin (softer).

Each HSA rod is actuated by a Dynamixel MX-28 servo motor. The Dynamixel motors
are set to use position control mode. The robot is mounted platform-down on a cage with
an Optitrack motion capture system, which measures the SE(3) pose of the platform at
200 Hz. Our algorithms run within a ROS2 framework®. The pose measurements are first
projected into the plane of actuation and serve as an input to the closed-form inverse
kinematics introduced in (5.17). We use a Savitzky-Golay filter with a window duration of
0.1s to numerically differentiate ye.(t), q(¢) and gather with that y..(t) and ¢(t). We fit a
cubic spline to the last 16 configuration measurements and differentiate (Kaptanoglu et al.,
2022) to gather ¢(t).

6.2.5 SYSTEM IDENTIFICATION
We follow the same system identification procedure as in Sec. 5.4.3. For the FPU-based

§
robot, we identify CT*U = 0.0079 m/rad, SFFV = ~2.5-105+3.9-10~7 % Nm?, STV = 0043+
0.0029 9N, STV = 0.74+0.0098 % N, and S/PY = —5.0-10-*Nm/rad where I° = 0.059m.
Furthermore we regress CEPU = 0 0098m/rad, SFPV =5.7-107*-9.7-107° ¢’ Nm?, SEPU =

0.59—-0.00047 5N, SEPU = 5.740.015 %N, and SEPU = —0.00048 Nm /rad for the EPU HSAs
which have the same length as the FPU HSAs. Finally, we identify the axial rest strain o2,

before the start of each experiment.

6.2.6 IMPLEMENTATION OF CLOSED-Loor CONTROL
Next, we implement the closed-loop control strategy laid out in Section 6.2.2. After eval-
uating the control law at a rate of 40 Hz and saturating the control inputs to the ranges

Shttps://github.com/tud-phi/ros2-hsa
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[0,3.40]rad for FPU and [0,4.71] rad for EPU, respectively, we map ¢ € R? to desired po-
sitions of the four motors. For this, we consider the handedness of the HSAs and apply
the same actuation magnitude to both rods on the same side of the virtual backbone.
After tuning the gains for the feedback part of the model-based control laws in (6.3)
and (6.4), we select K}, = diag(0.3,0.3), K; = diag(0.05,0.05)1/s, Kg = diag(0.01,0.01)s, and
y = diag(100, 100). Furthermore, we report the performance of a model-free PID controller
as a baseline. Here, the control input in task-space is given by u = [uts’x uts,y]T =
KgID (pd — pee) — KFP pee + KD fotp(eie,z/ — Pee dt’, which is then mapped to the actu-
ation via ¢ = [utsx+utsy, —Ugsx + utsy]T. Here, we select KPID = diag(10,10)rad/m,
KPP = diag(110,110)rad/m/s, and KPID diag(0.25,0. 25)rads/m

6.2.7 EVALUATION

We define a reference trajectory pge(k),k € {1,...,nx} with a duration of 110s and con-
sisting of eleven step functions as the reference trajectory. We report the RMSE metric

d
\/Z lp ee(k) p Ipee(t)—pec(blz for assessing the control performance, where pe.(k) is the actual
trajectory of the end-effector.

6.2.8 RESULTS FOR CONTROLLING AN FPU-BASED HSA RoBoT

The baseline PID achieves an RMSE of 5.86 mm with respect to the reference trajectory.
The P-satl-D based on (6.3) (with gravity compensation) exhibits an RMSE of 4.17 mm.
Similarly, the P-satl-D + GC based on (6.4) (with gravity cancellation) displays an RMSE of
4.13 mm. We present a comparison of the three different controllers for a step response in
Fig. 6.5 and plot the entire trajectories of the baseline PID and the P-satl-D in Figures 6.6 and
6.7, respectively. Additionally, we discretize various continuous reference trajectories into
setpoints: star trajectory (873 setpoints and duration of 109 s), the flame of the TU Delft
logo (680 setpoints and duration of 85 s), the contour of the MIT-CSAIL logo (1046 setpoints
and duration of 131 s), and the outline of a bat at three different sizes (1510 setpoints and
189 s duration). The resulting Cartesian evolutions of the P-satl-D controller tracking these
continuous references are displayed in Fig. 6.9.

The step response in Fig. 6.5 shows how the two model-based controllers P-satI-D and
P-satl-D + GC can leverage the planned ¢* and ¢ to achieve a fast response time of roughly
1.2 s. In contrast, the baseline PID needs to wait for the integral error to build up and
thus has a much slower response time of approximately 4.2 s. Furthermore, overshooting
caused by the baseline PID is usually more extensive than that caused by the model-based
controllers. We conclude that P-satl-D (gravity compensation) and P-satI-D + GC (gravity
cancellation) exhibit quite similar behavior. Sometimes, P-satl-D exhibits undershooting
at the beginning of the transient and P-satI-D + GC overshooting towards the end of the
transient (see Fig. 6.5(a)).

REsuULTS FOR CONTROLLING AN EPU-BASED HSA ROBOT
Tracking the reference trajectory of eleven-step functions with an EPU-based robot, the
baseline PID controller has an RMSE of 4.40 mm. The P-satI-D (with gravity compensation)
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can able to achieve an RMSE of 3.63 mm. The P-satl-D + GC controller exhibits similar
performance(RMSE of 3.71 mm). We visualize the step response of all three controllers in
Fig. 6.11 and the entire trajectory of the P-satI-D controller in Fig. 6.12.

Again, we notice that the response time of the model-based controllers (0.54 s) is much
shorter than the response time of the baseline PID (3.84 s). Furthermore, the importance of
a model-based control law is motivated by the oscillations in the transient of the baseline
PID (see x-coordinate in Fig. 6.11(a)). The steady-state error for the model-based controllers
on the EPU material is slightly higher compared to the FPU material, as seen in Figures
6.11(a) & 6.12(a). In Section 5.4.3, we noticed that the shear model doesn’t fully capture the
actual system behavior. This then results in an error in the planned desired configuration
q¢, which the controller is not able to resolve because of the underactuation of the robot
(see Fig. 6.12(b)).
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Figure 6.2: Mapping of actuation ¢ € R? to configuration-space torques 7 € R® for planar HSA robots. The first
two rows visualize the modeled nonlinear, coupled mapping for the FPU and EPU materials, respectively. The
third row illustrates the mapping for a linearized actuation term. Finally, in actuation coordinates, the mapping is
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Balancing of static terms in EoM
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Figure 6.3: Illustration of the idea behind steady-state planning: we balance the static forces that are acting at
steady-state on the robot with torques generated by a steady-state actuation ¢*.
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Figure 6.4: Experimental setup: the parallel robot consists of four HSA rods connected by a platform at their
distal end. Four servo motors actuate the HSAs. We track the pose of the end-effector with a motion capture
system by attaching reflective markers to the platform.
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Figure 6.5: Step response of the baseline PID, P-satl-D (with gravity compensation), and P-satl-D + GC (with
gravity cancellation) controllers on an FPU-based HSA robot.
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Figure 6.6: Experimental results for tracking a reference trajectory of eleven step functions with the baseline
PID controller on an FPU-based HSA robot. Panel (a): End-effector position with the dotted and solid lines
denoting the task space reference and actual position, respectively. Panel (b): The planned (dotted) and the
actual (solid) configuration. Panel (c): The planned (dotted) and the actual (solid) actuation coordinates of the
collocated system. Panel(d): The saturated planar control inputs are visualized with solid lines and the computed
steady-state actuation with dotted lines.
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Figure 6.7: Experimental results for tracking a reference trajectory of eleven step functions with the P-satl-D
controller on an FPU-based HSA robot. Panel (a): End-effector position with the dotted and solid lines denoting
the task-space reference and actual position, respectively. Panel (b): The planned (dotted) and the actual (solid)
configuration. Panel (c): The planned (dotted) and the actual (solid) actuation coordinates of the collocated system.
Panel(d): The saturated planar control inputs are visualized with solid lines and the computed steady-state
actuation with dotted lines.
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Figure 6.8: Experimental results for tracking a reference trajectory of eleven step functions with the P-satI-D +
gravity cancellation controller on an FPU-based HSA robot. Panel (a): End-effector position with the dotted and
solid lines denoting the task-space reference and actual position, respectively. Panel (b): The planned (dotted)
and the actual (solid) configuration. Panel (c): The planned (dotted) and the actual (solid) actuation coordinates
of the collocated system. Panel(d): The saturated planar control inputs are visualized with solid lines and the

computed steady-state actuation with dotted lines.



6.2 CONFIGURATION SPACE REGULATION 129

15 7= : : N : - — —
7 =ems Rof =—— P-satl-D 115 ssas Ref =—— PosatlD & 110 =xss Ref —— P-satl-D
120 1 120 -
125 125
= 130 =130 -4
H
:
135 155 14
Skt
© 140
140 A 140 A !
T T T .
10 0 —10 10 0 —10
x [mm] 2 [mm)] 2 [mm]
(a) Star (b) TUD flame (c) MIT-CSAIL
115 1 1 1 1
Small Medium === Large

—
[55
[=}

*
s

E) 7

125 L S :
B LL"éL’:\; :“:" fa 4"1 ;""k
1)

&
130 ! S e,
- A [

135 MK\ -
) . K
p D
: )

140 &

30 20 10 0 —10 —20 —30
2 [mm)]

(d) Bat trajectories

Figure 6.9: Cartesian evolution of the proposed P-sat-D controller (solid lines) tracking various continuous
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Figure 6.10: Sequence of stills for the large bat trajectory performed with the P-satD controller on the FPU robot.
The red and black dots visualize the desired and current end-effector positions, respectively. The past trajectory
is plotted in red (reference) and black (actual). The blue line renders the shape of the virtual backbone.
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Figure 6.11: Step responses of the baseline PID, P-satl-D (with gravity compensation), and P-satl-D + GC (with
gravity cancellation) controllers on an EPU-based HSA robot.
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Figure 6.12: Experimental results for tracking a reference trajectory of eleven step functions with the P-satI-D
controller on an EPU-based HSA robot. Panel (a): End-effector position with the dotted and solid lines denoting
the task-space reference and actual position, respectively. Panel (b): The planned (dotted) and the actual (solid)
configuration. Panel (c): The planned (dotted) and the actual (solid) actuation coordinates of the collocated system.
Panel(d): The saturated planar control inputs are visualized with solid lines and the computed steady-state
actuation with dotted lines.



6.3 CARTESIAN SPACE IMPEDANCE CONTROL 131

6.3 CARTESIAN SPACE IMPEDANCE CONTROL

We introduce below a novel control strategy that addresses some limitations of the configuration-

space regulation controller presented in Sec. 6.2.2 that are critical for achieving both struc-
tural and computational compliance. Namely, we (i) avoid computationally demanding
planning procedures, (ii) remove integral terms that are unsafe for environment interaction,
and (iii) enable impedance shaping in operational space. This Cartesian-space impedance
controller is inspired by (Ott, 2008) and (Della Santina et al., 2020c), but specifically de-
signed for and tailored to HSA robots. Crucially, we need to overcome the challenges
of underactuation and the nonlinearity in the actuation, which were not present in that
original work.

6.3.1 BACKGROUND: OPERATIONAL SPACE DYNAMICS

Although this has never been done in the context of HSA robots, it is immediate to see that
their dynamics (6.1) can be projected into operational space, yielding the form (Della Santina
et al., 2020c, 2019b)

AQ)i+p(q, Qg+ Iy (G(@)+K(g—q°)+Dq) = Jyi alq, ¢), (6.6)

where Jii(q) = M7 JTUMJT)™! € R¥? is the dynamically consistent pseudo-inverse,

A(q)=(J M™1JT)"t € R?2 is the inertia matrix in operational space, and (g, §) = A(q) M~ C—

J) € R¥® collects the Cartesian Coriolis and centrifugal terms.

6.3.2 CONTROL STRATEGY

We will present the control strategy in two steps: first, we will introduce the control law
and derive the associated desired configuration-space torques, and second, we will discuss
how to map the control inputs to the actuation ¢.

ProPOSED CONTROLLER

d

We propose the following dynamic feedback law that renders x© an attractor of the closed-

loop system

t=J"(q) (K (x!=x) =Dy %) + G(q) +K (¢ — q")
+T (DI (@D g+T(Qu(q. ) (Is— Ki(J(@) ¢

where 7 € R? is the desired torque in configuration space, G(q) + K (¢ — ¢°) cancels the
acting gravitational and elastic forces, and J' Jj{" D ¢ removes the natural dissipation in
operational space. We emphasize that because the system is underactuated, we need
to cancel the stiffness directly in the configuration instead of operational space as done
in previous work (Della Santina et al., 2020c). We can shape our desired impedance
characteristics in Cartesian space with the PD term fpp = K (x% — x) — Dy % which is then
projected into configuration space by premultiplying with J"(g).

The term p(q,q) (Is — i (@)J (q)) g decouples the operational space dynamics from the
residual of the null-space dynamics (Della Santina et al., 2020c; Ott, 2008). The identity
G=J3x+Z" vn, where Z" € R®**! is the dynamically-consistent pseudo-inverse of the null
space, allows us to formulate ¢ as a sum of the operational space velocity x and the null-
space velocity vn. Leveraging this identity, the Coriolis and centrifugal matrix p(gq, §) can be

(6.7)
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Figure 6.13: Block scheme of the operational space space impedance controller: after the cancellation of the existing
soft robot dynamics (e.g., null-space Coriolis forces, gravity, stiffness, and damping), we reshape the potential
field according to the desired Cartesian impedance Ky, Dy with a globally asymptotically stable equilibrium at
x = x4, Subsequently, we project the desired forcing f from operational space to configuration space. Finally,
we solve a nonlinear least-squares optimization problem to match the desired configuration-space torques 7 as
closely as possible with the torques generated by the actuation ¢9.
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split into a term p1,(q, ¢) = pJi; € R®? excited by x and the expression un(q,¢) = pZ" € R*!
that is excited by the null-space coordinates resulting in p(q, ¢) ¢ = px(q, ¢) x + un(q, ¢) V-
This allows us to cancel the term pn(q, ¢) vn through p(q, q) (113 -J@J (q)) q without
having to compute the null space explicitly.

In summary, the closed-loop dynamics in operational space can be stated as

AQx+p(q @) i+ Ko (x—xh)+ Dy x =0, (6.8)

which results in x¢ being the globally asymptotically stable equilibrium of the closed-loop
operational space dynamics. *

MAPPING TO ACTUATION

Now that we have formulated our control law 7 in configuration space, we need to identify
a strategy to specify the motor angles ¢ € R? such that a(q, ¢) = . Note that, in contrast to
other continuum soft robots studied in literature (Della Santina et al., 2023), the actuation
term a(q, ¢) is not affine in control. In previous work (Stolzle et al., 2024b), we side-stepped
this challenge by linearizing with respect to the steady-state actuation ¢*: A(q) = | ‘3—‘; | g=gss
therefore recovering the usual scenario of an affine actuation function. Unfortunately, this
is not possible in the setting of this work as i) we do not have access to such ¢*, and ii)
linearizing around ¢ causes the closed-loop system to become unstable. We, therefore,
propose to formulate instead a nonlinear least-squares problem ¢4 = argmin,, Hr—alq. PI?
and solve it in real-time with a Levenberg Marquardt solver implemented in JAX (Blondel
et al., 2021).

We note that this approach is not guaranteed to be valid for the general case of an
underactuated soft robot but for this particular structure of a(gq, ) € R® with ¢ € R? it is
possible to identify solutions ¢ with the Euclidean norm of the residual being smaller than
0.001. The source code of the controller is available on GitHub®.

6.3.3 EXPERIMENTAL SETUP

We use the same experimental setup as introduced in Sec. 6.2.4. Over a duration of 540's,
we randomly generate nine setpoints x4(¢) € R? within the operational workspace of the
robot (see Fig. 6.1(b)). We evaluate the Cartesian impedance controller using the gains
K, =300N/m, Kq = 1.5Ns/m at a frequency of 50 Hz and finally send the desired motor
positions to the servos.

6.3.4 RESULTS

In Fig. 6.14, we present the results of the experimental evaluation of the Cartesian impedance
controller. The fast response time, a well-known characteristic of model-based control
approaches, is evident. However, the errors in the model (for example, caused by hysteresis
or unmodeled nonlinearities) (Stolzle et al., 2024b), together with the lack of integral action,
lead to steady-state errors, which are especially pronounced for the y-coordinate.

“Please note that this only holds under the assumption that the desired operational-space control input can be
perfectly tracked by the actuators, which is generally not the case in underactuated settings.
Shttps://github.com/tud-phi/hsa-planar-control
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Figure 6.14: Experimental results for tracking a reference trajectory of nine-step functions with the Cartesian
impedance controller. Panel (a) & (b): The x/y-coordinate of the end-effector position with the solid line denoting
the actual position, the dotted line the attractor position, and the dashed line the reference (i.e., the setpoint).
Panel (c): The evolution of the configuration. Panel (d): The saturated planar control inputs.

6.4 CONCLUSION

This chapter presented two strategies for effective, model-based regulation of planar HSA
robots: the first proposes a configuration-space controller in conjunction with steady-state
planning for mapping task-space setpoints to configuration-space setpoints, and the second
introduces an operational space impedance controller.

6.4.1 CONFIGURATION SPACE REGULATION

First, we introduced a configuration-space controller that combines an integral-saturated
PID controller with a potential-shaping feedforward term. The excellent agreement of the
model with the actual system behavior (as shown in Section 5.4) enables our model-based
controllers to perform very well at the task of setpoint regulation. For the model-based
controllers, any mismatch between the dynamic model and the actual system (as analyzed
in Section 5.4.3) has two impacts: (i) the steady-state planning provides us with a desired
configuration g¢ which the underactuated robot cannot achieve. This then, in turn, causes
a small steady-state error in the end-effector position as seen for the manual setpoints in
Fig. 6.7(a) & 6.8(a) and for the continuous references in Fig. 6.9. This steady-state error
is absent in the baseline PID as its integral term acts directly in task space. We suggest
that future work include an integral term directly on the end-effector position to remove
the remaining steady-state error of the model-based controller. Secondly, as (ii), model



6.4 CONCLUSION 135

errors will lead to an offset in the planned steady-state actuation ¢%. Therefore, applying
a constant ¢ will not move the robot exactly to pd. As shown in Fig. 6.7(d) & 6.8(d),
the P-satl-D feedback term can compensate for this effect through its proportional and
integral terms applied in the collocated variables. As clearly seen in Fig. 6.7(d), the control
input drifts away from the planned ¢* to counteract the modeling errors. In particular, for
small to medium bending and axial strains, we observe a very good agreement between
the model and the actual system behavior and, therefore, excellent control performance.
The story slightly changes for more significant bend and twist angles. While the system
identification showed that the expressiveness of the model was sufficient, we saw significant
errors in our feedforward terms in some of our control experiments, which needed to be
compensated for by the P-satl-D feedback controller. Precisely, Fig. 6.7(b) displays errors
in the planned shear strain, which subsequently also leads to minor steady-state deviations
in the x-coordinate of the end-effector, as can be seen in Fig. 6.7(a). We hypothesize that
these errors are mainly caused by the hysteresis characteristics of the HSAs (Good et al.,
2022). This hypothesis is corroborated by the fact that we had to recalibrate the axial rest
strain ¢, before the start of each experiment.

6.4.2 OPERATIONAL SPACE IMPEDANCE CONTROL

The Cartesian impedance controller, on the other hand, is designed to regulate the end-
effector position directly and allows us to shape the impedance in operational space and,
with that, fully preserve the softness of the robot. It is, therefore, particularly suitable
for applications where the robot interacts with the environment. For example, we will
in Chapter 7 demonstrate how the impedance controller can be combined with motor-
imagery brain signals to guide the robot towards a desired position and how the impedance
controller guarantees safety even when the setpoints are wrongly planned. This impedance
needs to be traded off with steady-state errors. We observed that the impedance controller is
particularly sensitive to the model errors, as it does not have an integral term to compensate
for them.

AFTERWORD

This chapter presented the first control strategies in literature for HSA robots and verified
them experimentally on two HSA robot prototypes in the planar case. Each of the two
presented controllers offers unique advantages: On the one hand, the configuration-space
P-satl-D + potential shaping controller exhibits exceptional regulation accuracy, with
minimal or no steady-state errors and exceptionally short response times. Excitingly,
follow-up work by Soleti et al. (2025) has extended and adapted this control approach
to underactuated dielectric elastomer soft robots. On the other hand, the operational
space impedance controller complements the passive compliance of the soft robot with
active compliance in the control strategy. It accomplishes this by eliminating integral
terms that could pose potential safety hazards. Additionally, it enables us to precisely
shape the stiffness of the closed-loop system in Cartesian space. In envisioning a future
where soft robots assist elderly individuals with activities of daily living, an effective HRI
is paramount. While this chapter has focused on programmatically specifying setpoints
for regulation controllers, we recognize a gap in how humans can intuitively command
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these robots. A BMI emerges as a compelling solution, offering a direct and barrier-free
interaction method that could significantly enhance the usability of assistive robotics.
Consequently, in Chapter 7, we explore the feasibility of guiding an operational space
impedance controller via EEG-based motor imagery, aiming to create a more natural and
accessible means of control of soft, and specifically HSA, robots. Furthermore, we illustrate
how the Cartesian-space stiffness enables us to apply force in the desired directions (in this
case, releasing hairspray by pressing a button with the end-effector) while maintaining
the compliance and, consequently, the embodied intelligence of the soft robot in all other
directions.
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7

GUIDING SOFT ROBOTS WITH
MoTOR-IMAGERY BRAIN SIGNALS

Foreword. In Chapter 6, we demonstrated how the motion of HSA robots in planar
operational space can be effectively controlled. However, these controllers inherently
require setpoints or reference trajectories, which we have so far predefined. In this chapter,
we explore how operational space setpoints can be guided more effectively by a (human)
user within the framework of HRI. Specifically, we consider a scenario where soft robots
assist elderly or impaired individuals with Activities of Daily Living (ADL). Soft robots are
particularly suitable for this application due to their passive compliance, which enhances
safety in close-contact interactions with humans, as discussed in Chapter 3. For such HRIs,
it is crucial that the interaction be: (a) intuitive and effective for guiding the robot in its
task, (b) minimally invasive and barrier-free, (c) wearable rather than relying on stationary
interfaces, and (d) capable of ensuring the robot continues to operate safely even in cases
of user or system error. Wearable BMI present a compelling solution, as they allow users
to control the robot (in this case, a soft robot) through thought, eliminating the need for
physical interaction with the interface. One prominent type of BMI involves EEG devices
combined with motor imagery (i.e., the user imagining motor movements). However,
current wearable, few-channel EEG devices face challenges, including low classification
accuracies, which can compromise safety if the robot’s motion deviates from the user’s
intent. Additionally, existing classifiers are generally limited to binary or, at most, three-
class problems, making it difficult to generate meaningful motion commands for the robot.
To address these issues, we propose in this chapter a protocol for operating soft robots,
particularly planar HSA robots, using motor imagery. This protocol integrates the BMI
approach with an impedance controller; combining the passive compliance of soft robots
with the active compliance of a Cartesian-space impedance controller. This integration
ensures safe operation, even when brain signals or user intent are misclassified.
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Abstract. Integrating Brain-Machine Interfaces into non-clinical applications like robot
motion control remains difficult - despite remarkable advancements in clinical settings. Specif-
ically, EEG-based motor imagery systems are still error-prone, posing safety risks when rigid
robots operate near humans. This chapter presents an alternative pathway towards safe and
effective operation by combining wearable EEG with physically embodied safety in soft robots.
We introduce and test a pipeline that allows a user to move a soft robot’s end effector in real
time via brain waves that are measured by as few as three EEG channels. A robust motor
imagery algorithm interprets the user’s intentions to move the position of a virtual attractor to
which the end effector is attracted, thanks to a Cartesian impedance controller. We specifically
focus here on planar soft robot-based architected metamaterials. Due to their compact and
portable nature, they could be mounted to a mobile platform in the future and allow assis-
tance with Activities of Daily Living (ADL). We preliminarily but quantitatively evaluate the
approach on the task of setpoint regulation. We observe that the user reaches the proximity of
the setpoint in 66% of steps and that for successful steps, the average response time is 21.5s.
We also demonstrate the execution of simple real-world tasks involving interaction with the
environment, which would be extremely hard to perform if it were not for the robot’s softness.

This chapter is partly based on 2 ® M. Stélzle*, S. S. Baberwal®, D. Rus, S. Coyle*, and C. Della Santina® (2024).
Guiding Soft Robots with Motor-Imagery Brain Signals and Impedance Control. In Proceedings of the 2024 IEEE 7th
International Conference on Soft Robotics (RoboSoft) (pp. 1-8). IEEE. Received the Best Paper Award (Stolzle et al.,
2024a).

*M.S. and S.S.B. contributed equally to this work. TC.D.S and S.C. shared equal supervising duties. M.S., S.S.B.,
and C.D.S. conceived the research project. M.S. and S.S.B. devised the protocol for translating motor imagery
classification into end-effector motion, conducted all experiments, and wrote the paper together. M.S. formulated
and developed the Cartesian impedance controller (presented in Chapter 6) and constructed the experimental
setup (e.g., motion capture system, setpoint projection, mounting the hairspray container). S.S.B. implemented
and trained the EEG data processing and classification pipeline. C.D.S. and S.C. supervised the project and
provided funding.
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7.1 INTRODUCTION

B Rain Machine Interfaces (BMI) (Liu et al., 2024b) facilitate the translation of neural
activity into actionable commands, enabling individuals to control external devices and
systems through their thoughts and attention (Coyle et al., 2007; Lee et al., 2017). Compared
to traditional bulky EEG setups (Van Erp et al., 2012), one of the emerging avenues towards
practical and wearable EEGs devices are systems based on motor imagery signals due to
their intuitiveness and no external dependency on (e.g., visual) stimuli. These have been
use in stroke rehabilitation (Khan et al., 2020). Several works in literature have considered
using this technology to control robot manipulators (Aldini et al., 2019; Bhattacharyya
et al, 2017; Lee et al., 2024; Liu et al., 2018b; Schiatti et al., 2017).

However, the state-of-the-art classifiers on few-channel, online EEG signals are still
limited in achieving an accuracy of 65-75 % (Arpaia et al., 2022; Lee et al., 2024) and are
prone to producing outliers, which make it very challenging to operate robots safely and
robustly using these techniques (Liu et al., 2024b). In (rigid) robotics literature, this has been
addressed by relying on force-based (i.e., impedance) control (Schiatti et al., 2017) and by
making the robot’s behavior more predictable (Aldini et al., 2019). In this chapter, we follow
a different path and investigate embodying safety by pairing soft robots (Della Santina et al.,
2020Db; Rus and Tolley, 2015) with BMI. This way, risks can be mitigated, and more natural
interactions with an unstructured environment can be achieved by relying on structural
compliance.

Wearable EEG EEG Attractor Cartesian HSA robot
classifier guidance impedance control

>
N
{‘: |—>
4

Figure 7.1: High-level control scheme of an operator steering an HSA robot with brain signals. We leverage
the EEG signal classifications for guiding an attractor in the plane. Subsequently, an impedance controller is
designed to shape the impedance in Cartesian space and render the attractor to be a globally asymptotically stable
equilibrium of the potential.

While BMI-based assistance has been investigated with a focus on soft exosuits assisting
hand-rehabilitation (Zhang et al., 2019) or with strenuous arm acitivites (Tacca et al., 2022),
it is still an open challenge how BMI can be used for controlling soft manipulators. In this
chapter, we make a first step towards solving this challenge by proposing a pipeline (see
Fig. 7.1) that lets the user steer the soft robot’s end-effector in Cartesian space. The two key
ingredients are a novel mapping strategy transforming the brain signals into meaningful
references and Cartesian impedance control. The latter is essential because it allows for
preserving the robot’s compliance in closed-loop (Della Santina et al., 2017). We build the
proposed BMI pipeline around a HSA soft robot (St6lzle et al., 2023, 2024b), which relies on
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architected metamaterials and electrical actuation to elongate, bend, and twist. HSA robots
are an excellent match for our test case of assisting with ADL, as they can be portable
because of their electrical actuation, they are compact and combine many DOFs in one
segment, and easy to manufacture via 3D printing (Truby et al., 2021).

Continuum soft robots: Impedance control:
passive compliance active compliance

Wearable EEG

Figure 7.2: In this work we propose combining wearable EEG devices with continuum soft robots and impedance
control. The classification accuracy of motor imagery based on signals from few-channel, wearable EEG devices
is currently limited to less than 75 %. The inevitable operation errors can be accepted by establishing both passive
and active compliance: The embodied intelligence of soft robots guarantees safety during interactions with the
environment, which is complemented by an impedance controller that allows us to design the Cartesian stiffness
and damping characteristics of the robot.

We quantitatively verify the entire approach on mind-controlled setpoint regulation
involving tracking a reference consisting of nine-step functions and demonstrate the
qualitative behavior when assisting with a simple daily living activity. Furthermore, we
compare the performance of our motor imagery-based control to an approach that can be
considered an upper bound on performance: The control using keyboard inputs is a very
effective and efficient Human Machine Interface (HMI) strategy but requires the user to
always interact physically with a keyboard, which is not always desirable or possible (e.g.,
for users with disabilities).

Our contribution is establishing a BMI strategy for continuum soft robots. This strat-
egy is supported by experiments in which we perform setpoint regulation with a planar
HSA robot and motor imagery, which we experimentally validated on a simple ADL task
involving environment interaction: the user needs to steer the end-effector towards the tip
of a hairspray container, apply force for releasing the fluid, and finally let the robot retreat
from the contact.

A video attachment to this chapter, including recordings of experimental results, can be
found on YouTube!. Furthermore, we have open-sourced our code, including the OpenVibe
pipeline, on GitHub?.

7.2 METHODOLOGY

In this chapter, we let the user steer with motor imaginary brain signals the Cartesian
position x € R? of the end-effector (i.e., the platform) of a planar HSA robot. We realize this
strategy by first classifying the motor imaginary signals into Cartesian-space movement
directions (e.g., the active axis and sign of the movement). We use this information to adjust

https://youtu.be/wZTOXBPZmPc
https://github.com/tud-phi/sr-brain-control
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Figure 7.3: Scheme of the proposed approach to control HSA robots with motor imagery. Brain signals steer an
attractor in operational space: first, we switch the active coordinate axis when we detect jaw clenching. If no
jaw clenching is detected, we classify the EEG signals based on left/right motor imaginations into positive and
negative movements along the active axis. Next, we regulate the robot towards the chosen attractor position xt
with a Cartesian impedance controller. This controller first cancels all static forces and the residual coupling of
the null space on the operational space dynamics. This allows us to now shape our own potential with a PD term
in operational space. As the robot is underactuated, we optimize least-squares to identify the actuation ¢< so that
the residual between the desired and actual torques in the configuration space is minimized. Icons created by
Flaticon®.

the position of a operational space attractor iteratively (see Section 7.2.2). We illustrate the
methodology in Fig. 7.3.

7.2.1 BACKGROUND: MOTOR IMAGERY-BASED BMI SYSTEMS

Imagining the movement of body parts or limbs (e.g., hands, legs, tongue) without moving
it or the mental rehearsal of a motor act without overt movement execution is termed
Motor Imagery (Lotze and Halsband, 2006). The neuronal activities observable inside a
frequency range of 8 Hz to 12 Hz (Mu) and 12 Hz to 30 Hz (Beta) are associated with cortical
areas directly connected to the brain’s motor output (activating primary sensorimotor
areas that can be modulated with imaginary mental movement in healthy as well people
with neuromuscular disabilities).

The motor imagery BMI framework typically consists of four integral components:

1. Signal acquisition: The initial stage involves the recording of neural signals while
the person imagines the movements of the limbs, generally acquired using noninva-
sive methodologies (e.g., EEG).

2. Feature extraction: Following signal acquisition, signal processing techniques are
applied to extract salient features from the neural patterns associated with specific
cognitive processes or intentions.

3. Feature translation: This translation phase interprets the user’s cognitive intent,
converting it into actionable instructions for external devices.
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Figure 7.4: EEG data processing pipeline: The EEG data is acquired in real-time, pre-processed, and divided into
episodes and subbands. Next, we extract power features and pass them to two LDA classifiers: the first outputs
the axis of movement (for example, moving along the x- or y-axis), and the second provides the sign of movement
(for example, positive or negative movement along the active axis). These commands are then used to move the
attractor in Cartesian space.

4. Device output: The culmination of the BMI process is the application of the inter-
preted commands to external devices.

As detailed further in Sec. 7.3.2, we leverage the difference in signals when imagining
motor actions vs. rest state to control the sign of movement. The active axis of movement
can be switched by clenching the jaw.

7.2.2 PLANNING ATTRACTORS WITH BRAIN SIGNALS

Our brain signal processing pipeline provides us with two pieces of information at each
time step k: i) the unit vector e,(k) € {[1,0]",[0,1]"} corresponding to the current active
axis of movement and ii) the sign of movement s(k) € {—1,1}. We use e, (k) and s(k) to
incrementally steer a virtual attractor defined in operational space x € R? as follows

u(k) = s(k) ea(k) e R?,  x¥(k) = x*(k — 1) + Ay u(k), (7.1)

where Ay € RY is a tunable constant influencing the velocity of the attractor movement.
Later, we will shape the potential field with a computational controller such that the
attractor becomes a globally asymptotically stable equilibrium (see Section 7.2.3).

7.2.3 CoMPUTATIONAL CONTROLLER
We adopt the Cartesian impedance controller from Sec. 6.3.2 to shape the potential field with
a computational controller such that the attractor x*' becomes a globally asymptotically
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Figure 7.5: Panel (a: Operational workspace of a HSA robot with attached end-effector: the color displays the
mean steady-state actuation w necessary for the end-effector to remain at the position. Additionally, we
visualize three example shapes: the straight configuration with ¢** = (0,0) (blue), maximum clockwise bending
with ¢% = (3.49,0)rad (red), and maximum counter-clockwise bending with ¢* = (0,3.49)rad (green). Panel
(b): The HSA robot is mounted platform-down to a motion capture cage with 8x Optitrack PrimeX 13 cameras,
which track the 3D pose of the platform (i.e., the end-effector). A Dynamixel MX-28 servo actuates each of the
four HSAs. We project a rendering of the current (white dot) and desired (red dot) end-effector position, the
attractor (green square), and the operational workspace (grey area) onto the black screen in the background. The
study subject wears a cap with the Neuroconcise FlexEEG sensor, and we acquire the data from three electrodes

connected to the motor cortex.
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Figure 7.7: Experimental results for tracking a reference trajectory of nine-step functions with motor imagery.
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of the configuration. Panel(d): The saturated planar control inputs.
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7.3 EXPERIMENTS

7.3.1 EXPERIMENTAL SETUP
In the following, we detail the EEG data processing procedure (see also Fig. 7.4) and present
our experimental setup, which is annotated in Fig. 7.5(b).

EEG DATA PROCESSING
We integrate the 3-channel flexEEG Neuroconcise device with the OpenVibe software to
acquire the EEG data and process it in real-time. This configuration facilitates data recording
and cue presentation. We process the EEG signals at a sampling frequency of 125 Hz with a
pipeline that involves three bi-polar channels around the motor cortex: FC3-CP3, FCZ-CPZ,
and FC4-CP4. After a notch filter of 50 Hz, we apply Independent Component Analysis
(ICA) to extract three independent components from the recorded EEG data, which is
represented by the equation S(¢) = W X(t), where S(t) are the extracted independent
components and W represents the unmixing matrix, allowing us to separate eye blink
artifacts in EEG signals, which is critical for enhancing the accuracy. Subsequently, we
apply a Butterworth filter bank to isolate specific frequency bands of interest, including 8-15
Hz and 15-42 Hz. This enhances the ability to analyze EEG data by isolating and examining
different frequency band components within the EEG signals. Once the signals are filtered
in sub-bands and epoched with a duration of 2 s and time interval of 0.065 s, the features
are extracted by the log of the power: L;(t) = log(P,(t)), where the power P;(t) = |E;(¢)?
is represented by square of magnitude of the EEG signal E;(t) at time instance ¢. These
features are then provided to a classifier, which we select as LDA due to its simplicity (Lotte,
2014).

We implement a second classifier with the same pipeline, where jaw clenching is
provided as a muscle artifact that is classified v/s raw EEG data.

RoBoTIC SYSTEM

We consider a robot consisting of four HSA rods, which were 3D printed via digital
projection lithography from the photopolymer resin Carbon FPU 50. Each HSA rod is
electrically actuated by a Dynamixel M-28 servo up to a maximum twist angle of ¢,y =
3.49rad. The robot is attached platform-down to a motion capture cage with eight Optitrack
Prime X13 cameras tracking at 200 Hz the pose of reflective markers attached to the end-
effector of the HSA robot. We estimate the current Cartesian-space velocity of the end-
effector with a Savitzky-Golay filter. Subsequently, we leverage a closed-form expression
of the inverse kinematics of a CS model (Stolzle et al., 2024b) to compute the current
configuration q of the robot. We render an image of the current shape of the robot together
with the present end-effector position (white dot), the attractor planned by the user (green
square), the operational workspace (grey, see also Fig. 7.5(a)) and if applicable, the goal
position (red dot). We specify the currently active axis of movement e, with a double
arrow and project the resulting image onto a black screen in the background of the motion
capture cage. The robot is operated with a ROS2 software framework®. We receive the
predicted and classified brain signals via TCP at a frequency of 18 Hz and move the attractor
subsequently with Ay = 0.2mm. We evaluate the Cartesian impedance controller using the

Shttps://github.com/tud-phi/ros2-hsa
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gains K, = 300N/m, Kq = 1.5Ns/m at a frequency of 50 Hz and finally send the desired
motor positions to the servos.

The entire control pipeline from measuring EEG signals to sending the actuation
commands to the motors exhibits a maximum latency of (i.e., is upper-bounded by) 130 ms.

7.3.2 BMI ProTOCOL
In the following, we will describe the protocol for collecting the motor imagery dataset,
training the EEG classifiers, and mapping classifier outputs into actionable robot commands.

TRAINING PROTOCOL

The participant is given brief instructions about motor imagery signals. We follow the
Graz-BCI (Roc et al., 2021) paradigm, which assists with training, where the display of
the cue instructs the participant to perform imagination of movements: when a left arrow
appears, the participant is asked to rest and not focus on motor movement. When the right
arrow appears on the screen, the participant is asked to imagine the motor activity from the
dominant hand (here, the right hand), such as grasping or squeezing an object. The training
protocol for right-hand motor imagery v/s rest demands fifty cues per class. We similarly
collect data for the second classifier by asking participants to clench their jaw, which can be
detected as muscular artifacts (vs. no muscular movement) in the EEG signals. At the end
of the trial, we train both classifiers (see Sections 7.2.1 and 7.3.1 for more information) and
repeat the procedure until an accuracy of 75 % is obtained for right-hand motor imagery
v/s rest and accuracy of 85 % for jaw clench artifact v/s raw EEG. We evaluate the trained
motor imagery classifier on the test set and report the results in Tab. 7.1.

Prediction
Rest nght—handed
motor imagery
= Rest 70.7 % 293 %
= .
5 Righthanded -, . 68.7 %
motor imagery

Table 7.1: Confusion matrix for the LDA classifier at predicting right-hand motor imagery vs. rest based on the
preprocessed EEG signals evaluated on a test set.

ONLINE RoBoT CONTROL

Now, the participant operates the HSA robot in real-time, with both classifiers being
executed online. Moreover, we map the outputs of the classifier into actionable commands:
we initialize the x-axis as the active axis of movement (i.e., e, = [1,0]). When the first
classifier detects jaw clenching for at least 80 % of samples over a duration of 2.8 s, we switch
to the y-axis: e, = [0,1] and vice-versa. If we do not detect any jaw-clenching artifacts, we
evaluate the output of the second classifier in parallel: if there is motor imagery activity
identified in the EEG classifier, the attractor will be moved in the positive direction (i.e.,
s = 1) along e,. In contrast, if the EEG signals are classified as the participant being at rest,
s = —1 (i.e., movement in the negative direction).



7.3 EXPERIMENTS 147

180
170 {—i—% AR een gt
160

150 A

140 A

130 4

End-effector y-coordinate a [mm]

T T T T T T T T T T T T
0 100 200 300 400 500 0 100 200 300 400 500
Time ¢ [s] Time ¢ [s]

(a) End-effector x-coordinate (b) End-effector y-coordinate

=
3
%
&0

T T T T T T T T T T T T
0 100 200 300 100 500 0 100 200 300 100 500
Time ¢ [s] Time ¢ [s]

(c) Configuration g (d) Control input ¢

Figure 7.8: Experimental results for tracking a reference trajectory of nine step functions with keyboard inputs.
Panel (a) & (b): The x/y-coordinate of the end-effector position with the solid line denoting the actual position,
the dotted line the attractor position, and the dashed line the reference (i.e., the setpoint). Panel (c): The evolution
of the configuration. Panel(d): The saturated planar control inputs.

7.3.3 SETPOINT REGULATION

We randomly generate nine setpoints x%(t) € R? within the operational workspace of
the robot (see Fig. 7.5(a) and display them as a red circle to the user over a duration of
540 s. The user can freely move the attractor to reach and keep the end-effector at the
setpoint. In addition to the motor imagery-based control, we conduct experiments where
the subject controls the robot with a keyboard. As a keyboard is a very efficient and precise
HMI (Mahmud et al., 2020; Vasiljevic et al., 2016), this represents an upper bound on the
performance we could expect from the Brain-Computer Interface (BCI). Here, the space
button is used to switch that axis of movement e, and positive/negative movement can be
controlled via the left/right arrows.

7.3.4 INTERACTING WITH THE ENVIRONMENT ON A REAL-WORLD TASK
We consider the ADL task of releasing hairspray by actuating the button of its container
with the HSA robot’s end-effector (see Fig. 7.10). For successful execution, the end-effector
must be very stiff in the normal direction of the contact. On the other hand, we might want
to benefit from the physical intelligence of the system by being relatively flexible in the
tangential direction. Therefore, we first define the perpendicular stiffness k; = 500N/m
and the tangential stiffness as k| = 50N/m. We assume that the normal direction of the
contact can be described by the polar angle 6, (with respect to the x-axis). We envision
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(f) t=60s (g) t=172s (h) t=84s (i) t=96s (j) t=108s

Figure 7.9: Sequence of stills for completing a basic Activity of Daily Living (ADL) by controlling the robot with
EEG-based motor imagery. Note: Fig. 7.9(i) is edited for improved contrast.

that in the future, the user can adjust such stiffness characteristics online via a BMI system
similar to (Schiatti et al., 2017). In this chapter, however, we estimate by visual inspection
that 6, = 1.31rad. The Cartesian stiffness matrix in global coordinates is then given by
K, =R(6,)diag(k,,k)R(0.)" where R(6,) € SO(2) is the rotation matrix between global
and contact frames.

7.3.5 EVALUATION METRICS
In the following, we will introduce and define a few metrics that help us assess the perfor-
mance of the approach.

EVENT-RELATED SYNCHRONIZATION/DE-SYNCHRONIZATION:

We apply Event-Related Desynchronization (ERD) / Event-Related Synchronization (ERS) (Pfurtscheller
and Da Silva, 1999) to demonstrate the difference between EEG signals when the participant

imagines right-hand movement vs. rest, i.e., no activity. ERD/ERS corresponds to a shift in

power during imagination with respect to a baseline. It is defined by

P(t>f)_Pbase(f)
Pbase(f) ’

where ERD/ERS(t, f) represents the ERD or ERS at a specific time ¢ and frequency f,
P(t, f) stands for the power of brain activity during imagination, and Pp,s(f) denotes the
baseline power.

ERD/ERS(t, f) = (7.3)
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Figure 7.10: Cartesian impedance shaping when interacting with the environment, for example, while performing
ADL.

7.3.6 STEP RESPONSE METRICS

For the task of setpoint regulation, we analyze primarily two aspects: (a) is the participant
able to reach the proximity of setpoint within the (generously) allotted time of 60 s? We
define the proximity of the setpoints as |x% — x(t)[, < 2mm. And (b) what is the response
time for reaching the proximity of the setpoint for the first time?
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Figure 7.11: Experimental results for completing a basic Activity of Daily Living (ADL) by controlling the robot
with EEG-based motor imagery. Panel (a) & (b): The x/y-coordinate of the end-effector with the solid line and
dotted lines denoting the actual and attractor position, respectively. Panel (c): The evolution of the configuration.
Panel(d): The saturated planar control inputs.

7.4 RESULTS AND DISCUSSION

First, we analyze the ERD/ERS behavior with respect to rest vs. motor imaginations in
Fig. 7.6. It is evident that the baseline of rest remained the same in both scenarios when the
participant did not perform motor imagery, but as soon as the cue is presented at 0.0s, a
shift in power for the right-hand motor imagery with comparison to rest state is noticeable.

We present the results for setpoint regulation employing motor imagery in Fig. 7.7. We
observe that the participant can reach the proximity of the setpoint within the allotted
time of 60 s six out of nine times (i.e., 66.6 %). For the successful steps, the average response
time is 21.5 s. However, as our protocol does not contain a command to let the attractor
rest, it is challenging to keep the end-effector at the setpoint and we observe oscillations,
particularly with respect to the x-coordinate. From the results in Fig. 7.8, it is evident that
a keyboard is a superior HML. It only takes the participant two setpoints to get familiar
with the interface, and afterwards, the performance displayed is excellent. However, for
instance, for people with limb impairment, or people with Spinal Cord Injury (SCI), such
an interface is inaccessible and, therefore, only represents an upper bound of what we
strive to achieve with BCI systems.

Finally, we consider the ADL task of releasing hair spray using the end-effector of the
HSA robot. We present a sequence of stills in Fig. 7.9 and plots of the entire sequence in
Fig. 7.11. Already during the first attempt, the participant can steer the end-effector toward
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the button, apply force, and release the fluid within 86 s. The impedance of the controller is
clearly visible in Fig. 7.11(b) when the manipulator is in contact with the object at time 74 s
to 104 s. Also, we noticed that the end-effector does not need to be perfectly aligned with
the center of the button and can still complete the task successfully due to the compliance
of the closed-loop system in the tangential direction.

We noticed that the variability of setting up the EEG device on each study participant
and the EEG sensor noise caused by external factors (e.g., floor vibrations) still pose a
considerable challenge for deploying motor imagery-based tools in practice. Furthermore,
subject-specific factors such as the ability to focus on imagining motor actions, mental
tiredness, etc., significantly affected the performance (e.g., classification accuracy, setpoint
tracking error).

7.5 CONCLUSION

In this chapter, we proposed to combine motor imagery-based BMI systems with continuum
soft robots. This symbiosis promises the safe and compliant operation of robots that
can assist people with limb impairments in their daily lives. While the binary motor
imagery classifier achieves an accuracy of only = 70 %, we demonstrated experimentally
its effectiveness through assistance with an activity of daily living and safe operation.
As demonstrated in the ADL experiment, the physical intelligence of the soft robot can
compensate for errors and deviations in the output of the BMI classifier.

For future work, we recommend conducting a user study with a diverse group of
non-expert participants and incorporating a broader range of soft robots. Connected, it
would be interesting to apply this methodology to soft robots with more DOFs, such as the
Helix soft robot (Guan et al., 2023). Finally, utilizing SOTA EEG classifiers like CTNet (Zhao
et al., 2024a) could improve classification accuracy and ultimately enable full 3D spatial
brain control of the soft robot’s task space motion—including the addition of a rest mode
to keep the end-effector at a fixed pose.

AFTERWORD

In this chapter, we introduced a BMI protocol for soft robots using motor imagery with
wearable, few-channel EEG devices. However, controlling the soft robot via motor imagery
demands the user’s full attention and can become highly exhausting after a few minutes.
Consequently, our goal is to develop fully autonomous (soft) robots. Rather than conveying
low-level end-effector setpoints, we aim to communicate high-level task assignments. In
Chapter 12, we take a first step toward this objective by presenting a strategy for learning
compliant and stable motion policies for periodic movements from demonstration. This
approach enables the user to demonstrate the required (periodic) movement once, allowing
the (soft) robot to perform the task autonomously in a compliant, stable, and safe manner.
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BACKSTEPPING CONTROL OF
PNEUMATIC PI1ISTON-DRIVEN
SorT ROBOTS

Foreword. So far, our models and controllers, as presented in Chapters 5 and 6, have
neglected the dynamics of the actuator (e.g., the dynamics of the servo motor driving
the HSA rods). The underlying assumption is that the controller within the actuator is
sufficiently fast and accurate to regulate the actuator towards the desired actuation (i.e.,
the control input). This approach is akin to a cascade controller, where the output of the
outer control loop (the soft robot controller) serves as a reference to the inner control loop
(the actuator controller), which operates at a faster rate. However, literature has shown
that cascade controllers fail when the inner closed-loop system cannot track its reference
accurately. While the mentioned assumption may be acceptable in certain scenarios, such
as when the actuator is over-dimensioned (e.g., a fast-moving servo paired with a relatively
slow-moving soft robot), it inherently limits our pursuit of more practical, fast-moving soft
robots. It prevents us from fully exploiting the dynamics of the soft robot system. In this
chapter, we model in Section 8.2 the integrated dynamics of a pneumatically-actuated soft
robot where pressure is generated using pneumatic pistons. Subsequently, in Section 8.3, we
exploit this dynamical model within a backstepping controller that considers the dynamics
of the pneumatic pistons.

This chapter is based on [S) M. Stélzle, C. Della Santina (2021). Piston-driven pneumatically-actuated soft robots:
Modeling and backstepping control. IEEE Control Systems Letters, 6, 1837-1842. (St6lzle and Della Santina, 2021).

C.D.S. conceived the project, provided funding, derived the backstepping controller, including proof of stability,
and supervised the project. M.S. derived the model for the fluid volume contained in a planar PCC soft robot as a
function of the configuration, implemented the controller, planned and carried out the simulations, and wrote the
manuscript. C.D.S. revised the manuscript.
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Abstract. Actuators’ dynamics have been mostly neglected when devising feedback controllers
for continuum soft robots since the problem under the direct actuation hypothesis is already
quite hard to solve. Directly considering actuation would have made the challenge too complex.
However, these effects are, in practice, far from being negligible. The present chapter focuses
on model-based control of piston-driven pneumatically-actuated soft robots. We propose a
model of the relationship between the robot’s state, the acting fluidic pressure, and the piston
dynamics, which is agnostic to the chosen model for the soft system dynamics. We show that
backstepping is applicable even if the feedback coupling of the outer on the inner subsystem is
not linear. Thus, we introduce a general model-based control strategy based on backstepping
for soft robots actuated by fluidic drive. As an example, we derive a specialized version for a
robot with piecewise constant curvature.
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8.1 INTRODUCTION

ccurate low-dimensional models of the continuum dynamics have been thoroughly
Ainvestigated in recent years (Faure et al., 2012; Grazioso et al., 2019; Sadati et al.,
2021), serving as the base for model-based controllers (Boyer et al., 2020; Della Santina
et al,, 2023). In comparison, researchers have devoted little or no attention to modeling the
actuator dynamics, despite this being far from a negligible effect in practice, in particular for
pneumatic actuation. The lack of models pairs with the scarcity of model-based dynamic
controllers. Existing strategies only rarely reason on the actuators’ dynamics, if not
through simple heuristics. For example, (Della Santina et al., 2020c; Lindenroth et al., 2016;
Marchese and Rus, 2016) use a combination of PID control and inversion of quasi-static
linear approximations to compensate for the actuators’ dynamics. This strategy may
present clear limitations in terms of performance and stability assessment.

As model-based control of soft robots becomes a mature discipline, the need for general
ways of dealing with actuators’ dynamics becomes more pressing. In this chapter, we
deal with this challenge by following a backstepping approach, which is an established
strategy to deal with dynamical systems with a triangular structure. A pneumatic model
based on the ideal gas law is derived, and the pneumatic actuation system is compensated
in a quasi-static fashion in Falkenhahn et al. (2016). Recent work by Wang et al. (2019)
uses backstepping for control of a continuum soft bending arm. Although interesting,
the work is limited because it targets a linear model of a single DOF. Similarly, Franco
et al. (2021) derive an energy-based control scheme for pneumatic manipulators while
using a backstepping-based controller for comparison purposes. Both pieces of work focus
on pneumatic actuation with valves and thus cannot be immediately applied to systems
actuated with fluidic drive cylinders.

To conclude, this chapter targets the dynamic control of piston-driven pneumatic-
actuated soft robots (see, for example, Fig. 8.2, 8.3). We provide general strategies for (i)
augmenting existing dynamic models of soft robots through a description of pneumatic
actuation, (ii) controlling these systems via model-based feedback. As an example, we
specialize the model to planar soft robots satisfying the PCC assumption (Della Santina
etal., 2020c), including the proposal of a kinematic model for the air volume in the chambers,
and the controller for the set-point regulation of configuration. In this context, we also
propose a simplified, potential coupling-aware PID-like controller. We provide simulations
showing the effectiveness of both strategies.
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Figure 8.1: Schematic block diagram of the proposed nonlinear backstepping controller for a pneumatically-
actuated soft robot. The approach considers both the fluidic drive cylinder and the soft system dynamics. It is
agnostic to the chosen soft system controller in configuration-space 7(g, g).

8.2 DynNAMIC MODEL
We consider the robot made by a sequence of ng € IN, segments. Each segment is described
with np € N configuration variables by using one of the many modeling techniques being
developed in the state-of-the-art (Boyer et al., 2020; Faure et al., 2012; Grazioso et al., 2019;
Sadati et al., 2021). We denote with nq = ngnp € N, the total number of configuration
variables, which also represents the approximated DOFs of the soft arm. Although we
show planar kinematic relations for the PCC-case in Figure 8.3 as an example, the dynamic
model derived in this section is agnostic to the chosen kinematic approximation.

All kinematic modeling techniques produce multi-body dynamics of the unactuated
soft robot as follows (Della Santina et al., 2023)

M(q)G+C(q.9)q+G(q)+K(q)+D(q,9) =0, (8.1)

where g € R™ describes the configuration of the robot in generalized coordinates, M(q) €
R"a*"a the inertial matrix, C(q, q) € R"*" contains the Coriolis and Centrifugal forces
and G(q) € R™ compensates for the gravitational effects. The elastic (restoring) forces are
captured in the matrix K € R™ and the natural damping is represented by D(q, ¢) € R".
Each segment is actuated through a set of nc dedicated chambers. Adapting the pressure
in a chamber will lead to a different chamber volume, ultimately resulting in a changed
configuration of the segment. Each chamber is connected to a dedicated piston, as shown in
Figure 8.3. If more than one chamber is connected to the same piston, it can be considered
to be the same chamber for the sake of this chapter. These hypotheses are not paramount,
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but they are instrumental in making the notation easier. Accordingly, the total number
of pistons is described with ny, = nsnc. Please note that if nc = np, the model of the soft
robot is fully-actuated, if nc > np it is over-actuated, and with nc < np under-actuated
respectively. The dynamics of the piston, when not interacting with the fluid, can be easily
written as being

Mpjip + Dpfip + Gy’ = £, (8.2)

where yi, € R™» denoting the displacement of every piston from the zero-volume config-
uration, M, € R™*"* the mass matrix of the piston system, Gp” € R™» describing the
conservative force caused by the compressed fluid acting on the pistons, and Dy, € R"#»™ "
the damping matrix of the piston system. As the piston system is fixed to the ground and
connected via tubing to the robot chambers, note that the gravity force here is constant,
so w.l.o.g., we consider it to be zero (or alternatively as being compensated by a constant
offset in fp).

lp

f Gﬂp
= Ap ':P> Vo (1p)

Hp

Figure 8.2: Fluidic drive cylinder parameters for a piston of mass my,, length [, and cross-sectional area Ay:
fp describes the actuation force while Ggp is the conservative force applied by the compressed fluid on the
cylinder. p, represents the actuators’ state variable. These pneumatic pistons could be, for example, actuated by
current-controlled DC motors or linear electric actuators (Marchese et al., 2014).

Figure 8.3: Shape regulation under PCC approximation - Left: A planar soft robot consisting of three segments,
each modeled to have constant curvature Right: Model parameters for fluidic volume in soft segment chambers.
Each chamber is actuated independently by a fluidic drive cylinder connected through tubing.

In the first approximation, we model the compressible fluid (typically air) as an ideal
gas. Furthermore, we consider the process to be isothermal, and no fluid exchange with
the external world is happening. We neglect the volume of fluid in any tubes connecting
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the pistons with the chambers. The overall volume of the fluid can be evaluated as

V(q, pp) = Velq) + Vp(pp) = Ve(q) + Ap iy, (8.3)

where V(q,p,) € R™» describes the total volume of fluid stored in the system, Vc(q) € R™»
the volume of fluid in each chamber and V,,(q) € R™"™ the volume in the piston with
Ap € R™ the cross-sectional area of every piston. We will present an example of analytical
derivation of Vc(q) in Section 8.4.1. For now, we consider it known.

The total energy stored in the system due to fluid compression is

o Vigikp,)
Utid(gq: pp) = Z/ —(pj(v) = patm) dv

=1 JVio
. (8.4
- 1 Vi tp.)) Vil tp.j)
= Z—aair,] n v - v +1),
j=1 J,0 J,0
where V;(gi, tp,.j) = pjg;i’; —j represents the total fluidic volume in the system of chamber

and piston j in segment i. We assume that this fluid system is filled with air at atmospheric
pressure P,y with an initial volume of V;o = V;(0,1,) (e.g., straight robot configuration
and with fully extended pistons). This lets us find an expression for ay;:

Qair,j = anT = Pathj,O = pj(q,ﬂp)vj(q,ﬂp) (8-5)

The force exerted on the ith segment of the robot by the fluid is

Gp (@i fp.j) = g Utuia(q p1p) = =3, Ve j (P(is Hp.j) — Patm) » (8.6)

Similarly, the force applied on the jth piston by the fluid is

GG f1p. ) = Oy Utuia (@ f1p) = —Ap j (0(Gis fp.1) — Patm) (8.7)
The overall dynamic model is

M(9)§+C(q, 9)4+G(9)+K(@)+D(q. P+Gp(g. pp) = 0,

) L (8.8)

Mpjip + Dpfip + Gy (¢ 1p) = fo»
which is always underactuated. Note that this structure is similar to classic flexible joint
robots under Spong’s approximation (Della Santina, 2021) due to the fact that the fluidic
drive cylinders are fixed to the ground. Two of the major differences making the control
problem harder are that that n,, # ng, and that Gg and Ggp are not linear. The latter renders
the feedback coupling of the outer on the inner subsystems non-affine. In the rest of the
chapter, we will use the following definitions to simplify the notation

f(q.9) =B (q)(C(q.9)g+ G(q) +K(q)+D(q.9)),

8.9
£(q. 1) = —B(q) (G(q. 1p)) - )
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8.3 BACKSTEPPING CONTROL

This section discusses the main contribution of this chapter, a backstepping-based approach
to generalize controllers I'(g, §) designed in the directly actuated case, to systems that can
be modeled through (8.8). We suppose that we have access to I'(g, ¢) controlling the piston
position y,. Next, we perform backstepping twice to the controllers of the piston velocity i,
and the piston actuation force f, and prove the stability of each controller with Lyapunov
arguments. The derived model-based control approach assumes that all model parameters
are known, and all states are measurable (namely the configuration g, its time derivative g,
the piston position y;, and the piston velocity /i), and that there are no disturbances or
model uncertainties. We first introduce a Lemma, which will be instrumental to the proof
of the main theorem. It allows us to relate an offset in the actuation space to a change in
acceleration in the configuration space that is proportional to the offset.

Lemma 1. The input field defined in (8.9) verifies
g(q, ,Up,a) - &(q, IJp,b) = _B_I(Q)S(Qa Hp,a> ,Up,b)(,up,a_ Ilp,b):
Viip.as fipp € R™ and g € R™ with S € R"U™ defined via

Ap,jQair,j9q; Ve, j
(Ve,j(q) + Ap jip.a ) (Ve j(g) + Ap jftp b, )

Sij =
Proof. We express the left term of the equality using (8.9)

8(q. tp.a) — 8(q. o) = =B~ H(@(GE(q ptpa) — GE(q pp)),

where we recognize the term B~1(q) appearing in the Lemma. The term between brackets
can be adjusted by using (8.6)

nyp nup

air,j9¢; Ve j %air,j9; Ve j
Gp (g, pipa) — Gp (. pipp) =— - ,
PRl TRADER ; Ve (@) + Ap jpaj = Ve (a)+ Ap jkpb,j

My
Ap, jtair,j9q, Ve, j (Hpa,j = Hpb,j)

Z (VC j(‘]z)"‘Ap],upaj)(VC J(CIL)+Ap j)upb])

nup

= Z Sij (.Up,a,j - Fp,b,j) =S (Fp,a - ﬂp,b)-
=1

(8.10)

The Lemma follows by simple factorization of the latter term. O

Thus, even if the robot side of the dynamics (8.8) is not affine in control when taking
pp as input, still Lemma 1 provides some structure that we leverage in the next theorem.
Assuming a soft robot controller 7(q, ¢) that regulates the soft robot to the setpoint § while
neglecting actuator dynamics, Theorem 1 introduces—via the backstepping procedure—a
fluidic piston force controller f, =¥(q, g, ip, fip) that ensures the closed-loop system con-
verges to the setpoint. In particular, the system reaches the desired soft robot configuration
g along with the corresponding steady-state piston position /i, = I'(q). As depicted in
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Fig. 8.1, the function I'(q) maps positions from the configuration space to the actuation
space, while the controller /i, = I(q, g, j1) supplies piston velocity references that are
then converted into piston force commands by ¥(q, g, jip, /1p). Here, Ky > 0 € R"»™ " s
a proportional feedback gain applied to the error (up, — fi,) between actual and desired
piston positions, and K, > 0 € R™»*" is a proportional feedback gain on the error (ji, — fip)
between actual and desired piston velocities.

Theorem 1. Suppose that aT'(q,q) exists s.t. the reduced system

4= f(q.9)+&(¢.T(q,9) (8.11)

converges to a desired trajectory q(t), ¥(q(0),(0)) € R?"a. Suppose that the convergence is
proven by Lyapunov arguments through the function H(q, ). Then the closed loop of the full
system (8.8) and the controller

f;) =¥(q.q, llp:ﬂp) = Ggp +DPH+Mpr—K2(ﬂp -1 - (llp -1,

. : . -~ (8.12)
fip =T1(q, G, ptp) =T = K1(ptp = 1) + ST (q, ptp. T)B(@)0gH ",

with Ky, K, > 0, is such that q — ¢ and j1, —T'(g, 9, V(1p(0), 1,(0)) € R, andv(q(0),g(0)) €
]Ran'

Proof. We first consider the problem of deriving a controller under the assumption that the
velocity of the piston v}, is set by a controller. This serves as a first step toward the general
solution of the problem. System (8.8) is thus reduced into

M(@)§+C(q,9)4+G(q)+K(q)+D(q, §)+Gp(g, pip) = 0,

fp = Up.

(8.13)

We introduce the following control Lyapunov candidate

. N1
W(q.q.pp) = H(g. 9+ E(up—F)T(up—F), (8.14)
which can thus be differentiated obtaining
W4, G, ptp) =g WG+ Wi+3,, W iy,
=H+ (p— F)T(Up -0,
=09gHq+04H(f(q.9)+g(q.ptp)) + (i =) (0p = 1), (8.15)

=094Hq+04H(f(q.9)+8(q.T(q.9)))
+3H(g(q, ) — 8(q.T(q, 9))) + (up —T) (v, 1),

where we first used the chain rule on H and then we added and subtracted 9;H g(g,T(g. 9)).
We now propose the controller v, =I(q, g, 1) for stabilizing this system, with

T(q, G, pip) =T = K1 (ptp 1)+ S (q. y1p. DB (9)agH .
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The derivative of the Lyapunov candidate for the closed-loop system is thus
W(q. 4. pp) = 9gHq+9;H(f(q,4) + g(¢.T (¢, 9)))
+03H(g(q. pp) — 8(q.T(q.9))) — (pp =) 'K (ptp —T)
+9GHB™(9)S(q, p1p T)(p = 1),

where we exploited that all terms are scalar to extract the transpose of the last one. This
equation can be simplified by invoking Lemma 1 into

W(q, ¢, pp) = daHq+d4H(f(q.9) + 8(q.T(q §))) —(p —T) " Ky (pp = ).

H

(8.16)

Consider now that H is a Lyapunov function for (8.11) under the control action T'. This
assures that

0> H = 94Hq+04H(f(q.9)+£(q.T(q.9))). (8.17)

Note that we are considering here the case of strict sign definiteness of H. However, the
same results can be achieved in the case of semi-definiteness. We can now conclude that
W <0, thus proving that the controller IT stabilizes (8.13). This concludes the first step of
the proof.

We now reiterate this sequence of operations to generalize the controller IT to work on
the actual system (8.8). The complete Lyapunov candidate that we propose is

Q=W+ (i T My(jip —1O), (8.18)
with time derivative
Q=W+, —ID) (¥ - Gy — M,IT)
= 9gW G+ W+ au, Wity + (i, — D) (¥ — Gy — Dy — MpIT).
We, therefore, propose the controller
W(. G ip fip) = Gp? + DpIT+ MpIT— Kp(jip —I1) — 9, W, (8.19)
which generates the following closed-loop Lyapunov candidate

Q=0gWq+0agWq+a,, WI—(ji, —TD T (Kz + Dp)(fip — 1) <0, (5.20)

14
where we exploit that W is a Lyapunov function for the previous system when j, = IL
This assures the asymptotic stability of the closed loop system when (8.19) is used. The

Theorem follows considering that 9, W' = (g, —T).
O

8.4 SHAPE REGULATION UNDER PCC APPROXIMATION
This section provides an example of the application of the proposed model augmentation
and model-based control strategy for the setpoint regulation of a pneumatically actuated
planar soft robot, modeled through PCC approximation with acting gravity forces.
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8.4.1 MoDEL

BackGrounD: PCC Dynamic MODEL

We consider a planar soft robotic arm consisting of three segments, analogous to (Della Santina
et al., 2020c), modeled using the PCC (Jones and Walker, 2006) assumption, but the formu-
lation can be easily extended to the 3D case while neglecting the torsional deformations.
Alternatively, a strain-based parameterization could be employed (Boyer et al., 2020). We
assume a weight distribution of m; = foli pi(s’)ds’ along the center line of the segment i.
Gravity is acting along the vector g € R%. We consider the following EOM with diagonal
matrices K and D:

M(q)§+C(q.9) g+ G(q)+K q+D g+ Gp(q, p1p) =0,

i o ~ (8.21)
My fip + Dy fip + G (g f1p) = fp-
MopDEL FOR FLUID VOLUME IN CHAMBER
A model of the fluid volume in the chambers as a function of the configuration of the
segment is required to evaluate the conservative forces by the fluid as specified in (8.6) and
(8.7). In this section, we derive a simple analytical model based on CC kinematics. It is
assumed that the volume of the chamber is only dependent on the curvature of the segment,
as we model the segment length [y; to stay constant and the chambers to be inextensible
in the radial direction of the curvature. We visualize the model and its parameters in
Figure 8.3. Thus, the volume of chamber j part of segment i is defined as:

Ve (o) = dcb,j P ,
C,J(Qz) = p bc lz(dc)ddc: (8.22)
C.a,j

where bc describes the constant planar thickness of the chamber and [;(d(.) the length
of segment i at offset d/. from the center-line. The function [;(d() is derived from the
properties of CC of the segment

l,(dé) = lO,i — q,dé (823)

The integration inherits an opposite sign for the change of volume with ¢; for the left and
right chamber, respectively for an inner and outer chamber wall radius of 0 < dc, < dcp < d;
and a continuum segment of radius d;:

Ve,i(a) = be (loi(dey = dea) * 2 (dEy = d2.) ). (8:24)
The partial derivative 9, V¢ is determined as

9q.Ve,j =F0.5bc(dEy, —dé,). (8.25)

8.4.2 SETPOINT CONTROL
Configuration-space control: Consider the following regulator of desired configuration
q € R™,

7(q.9) = Kq+G(q), (8.26)
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Figure 8.4: Simulation of posture regulation under PCC approximation comparing the performance of an end-
to-end PID baseline controller (1st row), with a coupling-aware PID controller (2nd row) and the nonlinear
backstepping controller (3rd row). The set-point reference configuration is shown with solid lines.

where 7 € R™ is the torque in configuration space. Asymptotic stability of the equilibrium
q is proven through the Lyapunov function H(gq, q) = ¢"M(q)¢/2+ q' K q/2, which yields
the time derivative H = —¢' Dg/2 < 0.

Mapping from configuration to actuation space with force balance: Our back-
stepping controller requires access to I'(q, ¢) which returns a desired piston /i, given the
desired torque 7 and the current state of the soft system (g, ¢). In the planar case with
inextensible segments, there exists a redundancy in actuating the pistons controlling the
pressure in the left and right chambers of a segment to trigger 7 on the segment. Thus, we
decide to solve this redundancy by equally attributing the desired torque to both pistons.

We assume that the system is calibrated at a straight configuration ¢y = 0 with pistons
preloaded at position iy, ;0 € R™» leading to a fluidic volume of

Vio.j = Ve j(Gro.i) + pp.to.j Ap,j (8.27)

in the system. After preloading, the fluids in the left and right chambers each apply a
preloaded torque of magnitude Gg,to € R™ on the soft system. It is implicitly assumed that
the piston length [, piston area Ay, the preloaded piston position y, 1o and the preloaded
volume Vg are equal for the left and right chambers of segment i. We can write the conserva-
tive forces acting on the left chamber Gg’L(q, Hp) € R and right chamber GE’R(q, p) €R™
as differences from the neutral conservative force Gg,to

Gg,L = Gg,to + AGE,L, Gg’R = _Gg,to + AGE’,,R. (8.28)
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Figure 8.5: Simulation of posture regulation under PCC approximation comparing the control input (i.e., the
piston actuation force f,) of an end-to-end PID baseline controller, a coupling-aware PID controller, and the
nonlinear backstepping controller.

The force applied by the fluid in the left and right chambers on the system is
Gi(q.pp) = Gf + Gl g = AGL| +AGE . (8.29)

We re-arrange to find an expression for the desired conservative force offsets, which equally
distribute a commanded torque 7 to the fluid in both chambers. Setting AG_g,L = AG_g,R =
0.5 7(q, q) results for the chosen setpoint controller 7 and a diagonal elastic matrix K with
elements k; in:

Gi (q.@) = £Gf 1, — 0.5 (ki + Gi(q)).- (8.30)

Eq. (8.7) is inversed to compute the desired piston position 1, =T(q, ¢):

1 0. Ve s
Ii(g.9)=—— T CaTS e g) ). (8:31)
APJ Patm aqi VC,j - Gp,j(q, q)

Backstepping: The system is now in the form of Eq. (8.11), so Theorem 1 can be invoked
and a specialized version of Eq. (8.12) can be derived for the PCC-case and our chosen
set-point controller of Eq. (8.26). The partial derivative of the Lyapunov function of the
soft system controller evaluates to 9;H(q, §) = ¢' M(q), which allows to re-formulate (8.12)
into:

fip =T1(q, 4. pp) = 1(q. @) — K1 (ptp —T()) + ST (g, tp. T(9)) G

; . . . _ (8.32)
fo =¥(q. 4. pp. fip) = G + DpTI(q, G, ) + My TT— Ky (fip —T1(g, ¢, 1)) — (p1p —T(q)).
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Figure 8.6: Simulation of posture regulation under PCC approximation for an actuation system with increased
inertia (m, = 0.5kg) comparing the performance of an end-to-end PID baseline controller (1st row), with a
coupling-aware PID controller (2nd row) and the nonlinear backstepping controller (3rd row). The set-point
reference configuration is shown with solid lines.

8.5 SIMULATIONS

8.5.1 SYSTEM

We consider a planar soft robot arm consisting of three independently actuated CC segments,
modeled upon the second half of the robot in (Della Santina et al., 2020c). Segments have
equal length [y = 11 cm, uniform mass density p = 0.99kg/m concentrated on the central
axis. The stiffness K and damping D matrices are diagonal with constants 0.01 N /rad
and 0.01Ns/rad. The segment has a diameter of 44.5 mm. Based on CAD analyses of
a real system, we take dc, = 7.14mm, dcp = 20.19mm, and bc = 8.07mm. A positive
curvature and positive configuration ¢; correspond to bending counter-clockwise. The
straight configuration of the robot along the x-axis is perpendicular to gravity acting in
the negative y-direction, as shown in Figure 8.3, so that gravity tends to induce clockwise
bending. Moving to the pistons, A, = 7.9 cm?, m, = 0.19kg, [, = 0.5m are chosen. We
consider a damping matrix D}, with damping constants d, = 10kNsm ™" along the diagonal.
The pistons are filled with air at y, o = I, and paum = 1bar and subsequently pre-loaded to
Hpto = 0.25 . We set the backstepping gains to Ky = 6000s™! and K, = 4.5kNm™".

8.5.2 END-TO-END PID

We first introduce an end-to-end PID controller, which will serve as a baseline

t
Afy = Ky(G- )+ K / (G- dt' —Kad (8.33)
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Figure 8.7: Simulation of posture regulation under PCC approximation for an actuation system with increased
inertia (m;, = 0.5kg) comparing the control input (i.e., the piston actuation force f,]) of an end-to-end PID baseline
controller, of a coupling-aware PID controller and the nonlinear backstepping controller.

where K, Ki, Kq > 0 are scalar gains. A f;, € R is the scalar offset from the actuation force
fp.to corresponding to the pre-loaded pressure py. Analog to (8.30), Af;, can be equally
distributed on both chambers within a segment. The PID gains have been selected so to
achieve a similar transient behavior as for the backstepping controller and are equal to
K, = 200Nrad™!, K; =7Nrad 's™!, and Ky = 200N srad™!.

8.5.3 CouPLING-AWARE PID
Next, we implement a control strategy that takes advantage of the understanding of the
potential coupling and uses a PID for low-level control of the pistons

t
fo=Kp (T(q.9) — pp) + K; A (T(q. @)~ pp) dt" — Ka fip. (8.34)

Here, K, K;, Kq > 0 are scalar gains, and I'(g, g) is the correction on (8.26) which takes the
coupling defined in (8.31) in account. The PID gains are tuned similarly to the coupling-
aware PID and are equal to K, = 150000Nm ™, Kj = 15000Nm™'s™!, and K3 = 100Nsm™".

8.5.4 RESULTs
We simulate the response of the closed-loop generated by all three controllers to a sequence
of step references. The segments are initialized at the equilibrium configuration. At 10s,
the reference is moved to the straight configuration g = 0. After another 30s, we change it
again to § = [0.6981rad —0.5236rad 0.1745rad] .

Figures 8.4-8.5 show that the backstepping controller is approaching the set-point
reference with no oscillations or overshooting. These are instead visible for coupling-are
PID controller after the second change in reference configuration. The end-to-end PID
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Figure 8.8: Cartesian evolution of the soft robot for an actuation system with increased inertia (m, = 0.5kg). All
gains remain unchanged and are tuned for the original system with m;, = 0.19kg. The dotted lines mark the
evolution of the tip of the segments. The soft robot consists of three segments (blue, orange, and yellow). The
reference configuration at the three set points is marked with a thick black line.

controller does not converge to the desired configuration within 60 s as it does not take
into account gravity.

Next, we increase the inertia of the actuation system by setting the piston mass m,
to 0.5 kg. We leave both the backstepping and the PID gains unchanged. Figures 8.6-8.8
demonstrate that the backstepping-based approach is able to adapt to the new system,
while the end-to-end PID shows large oscillations at 50 s and the coupling-aware PID
displays significant overshoot in curvatures and piston positions. Note that the latter are
especially dangerous in real experiments since they may signify that pistons reach their
limits.

8.6 CONCLUSION

This chapter proposed a model for soft robots actuated using pneumatic fluidic drive
cylinders and introduced a model-based controller to take the actuators’ dynamics into
account. The stability of this backstepping-based control strategy was proven using a
Lyapunov argument. As an example of application, model and control strategy have been
specialized for the planar PCC-case. We also proposed a coupling-aware extension of the
standard hierarchical PID strategy as a middle-ground solution.

Future work will focus on extending this strategy to more sophisticated models and
controllers while validating it experimentally in a lab environment. In particular, the
model—especially the fluidic volume model—and the controller should be enhanced and
augmented to enable 3D control rather than being limited to planar settings. Additionally,
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it would be interesting to explore whether a similar backstepping-based control approach
could be applied to alternative pneumatic actuation methods (Franco et al., 2024), such as
pressure regulation via valve systems.

AFTERWORD

In this chapter, we have presented a dynamical model that, in addition to the standard soft
robot dynamics, also considers the dynamics of a piston-driven pneumatic actuation system.
Subsequently, we exploited the actuation dynamics within a backstepping controller. We
believe that similar approaches could also be applied to other soft robotic actuation methods,
such as tendons pulled by electrical motors or Shape-Memory Alloy (SMA) actuators (Zaidi
et al., 2021). For example, recently, a similar backstepping-based control approach has been
successfully applied to soft robots actuated by valve-driven pressure regulators (Franco
et al., 2024), and a singular-perturbation approach for taking into account the actuation
dynamics of tendon-driven soft robots has been proposed by Ribeiro et al. (2025).

Sometimes, modeling the dynamics of soft robots from first principles can be chal-
lenging, making it difficult to control their behavior effectively. In other cases, such as
pneumatic systems, hysteresis effects are prevalent (Vo-Minh et al., 2010), and direct mea-
surement of the hysteretic displacement is not possible using available sensor data. In such
situations, employing learning approaches (e.g., machine learning with neural networks)
can be beneficial. Still, we would like to preserve the interpretability, structure, and guar-
antees provided by fully physics-based models. For that reason, we explore integrating
physical structures and stability guarantees into learning-based models and controllers in
Part II of this thesis.
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9

EXPLOITING LEARNED
MAGNETIC FIELDS AND
KINEMATIC MODELS FOR SHAPE
SENSING

Foreword. Proprioception is essential for (soft) robots, enabling applications like control
and motion planning. In Chapter 4, we introduced a kinematics-aware SLAM approach
based on images from a monocular camera attached to the robot. However, this method has
drawbacks: i) Cameras, despite their miniaturization, require a clear, unobstructed view, ne-
cessitating rigid components on the robot’s surface, which potentially compromises safety.
ii) SLAM algorithms perform poorly in environments with few visually distinguishable
features. iii) Processing high-dimensional image data is computationally intensive, leading
to higher processing demands and/or lower shape-sensing sampling rates. To address
these issues, this chapter proposes an alternative proprioception method using magnetic
sensors. These sensors, along with embedded magnets, can be fully integrated into the
robot’s body, maintaining a soft, compliant surface. Additionally, the sensory data is much
lower-dimensional, making it significantly less computationally demanding to process.
However, the complex nature of magnetic fields makes the mapping from magnetic sensor
readings to shape information very challenging, and it would be very hard to develop a fully
physics-based model to help us interpret the sensor readings. Instead, we leverage modern
ML methods for this task. Akin to projecting the SLAM pose measurements onto the
kinematic model (Chapter 4), we again leverage here kinematic knowledge to simplify the
problem setting. Specifically, instead of learning proprioception end-to-end from magnetic
sensor measurements to configuration values, we simplify the learning problem by asking
a neural network to predict the measurements of a sensor given a parametrization of the
spatial relation between the magnetic sensor and all magnets embedded in the robot. We
present the proposed methodology in detail in Sec. 9.2. We verify the proposed approach
extensively in simulations based on PCC- & PAC-parametrized soft robots (Section 9.3 &
9.4), and experimentally in Section 9.5 on a one-segment soft robot moving in 3D space.




172 9 EXPLOITING LEARNED MAGNETIC FIELDS AND KINEMATIC MODELS FOR SHAPE SENSING

Abstract. Sensing the shape of continuum soft robots without obstructing their movements
and modifying their natural softness requires innovative solutions. This chapter proposes to use
magnetic sensors that are fully integrated into the robot to achieve proprioception. Magnetic
sensors are compact, sensitive, and easy to integrate into a soft robot. We also propose a
neural architecture to make sense of the highly nonlinear relationship between the perceived
intensity of the magnetic field and the shape of the robot. By injecting a priori knowledge
from the kinematic model, we obtain an effective yet data-efficient learning strategy. We first
demonstrate in simulation the value of this kinematic prior by investigating the proprioception
behavior when varying the sensor configuration, which does not require us to re-train the neural
network. We validate our approach in experiments involving one soft segment containing a
cylindrical magnet and three magnetoresistive sensors. During the experiments, we achieve
mean relative errors of 4.5%.

This chapter is partly based on A T Baaij*, M. K. Holkenborg™, M. Stélzle*, D. van der Tuin*, J. Naaktgeboren, R.
Babuska, and C. Della Santina (2023). Learning 3D shape proprioception for continuum soft robots with multiple
magnetic sensors. Soft Matter, 19(1), 44-56 (Baaij et al., 2023).

T.B.,, MKH., M.S., and D.v.d.T contributed equally to this chapter. C.D.S. and R.B. conceived and led the project.
M.S. invented the proprioception algorithm and implemented all simulations. T.B., M.K.H., J.N,, and D.v.d.T
designed the strategy to integrate sensors and magnets into the robot. T.B., MK.H., J.N., and D.v.d.T developed
the PCB and sensing electronics. T.B., M.K.H., and D.v.d.T fabricated the soft robot. T.B., M.K.H., N, and D.v.d.T
implemented the experimental data processing pipeline. T.B., M.K.H., M.S., and D.v.d.T conducted experiments.
T.B., MKH., M.S,, and D.v.dT tuned the learning strategy and developed suitable trajectories. T.B., M.K.H., M.S.,
and D.v.d.T wrote the manuscript. C.D.S. and R.B. revised the manuscript.
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9.1 INTRODUCTION

Hape sensing for continuum soft robots is especially complex because it is both a

technological and algorithmic challenge. Rigid sensors must not obstruct the natural
behavior or reduce the compliance of soft robots. At the same time, non-collocated and
nonlinear sensors require algorithms for the measurements to be interpreted and connected
to a description of the robot’s shape.

Several sensing modalities have been considered to implement shape sensing, such as
resistive (Kramer et al.,, 2011; Shih et al., 2019), capacitive (Scimeca et al., 2019; Shintake
et al., 2018), optical (Li et al., 2021), and visual (Rosi et al., 2022). Magnetic sensors (Guo
et al,, 2019; Luo et al., 2017; Mitchell et al., 2021; Ozel et al., 2015; Song et al., 2015) are
a promising solution. Magnetic sensors are compact, highly sensitive, and can be easily
integrated into existing soft robot designs. Thus, they can provide reliable and fully
proprioceptive measurements at the cost of a minimal decrease in the robot’s softness.
Among the above-cited papers, the only work leveraging external magnetic fields is by
Song et al. (2015), where coils placed at a distance generate the magnetic field. Along these
lines, an obvious choice would be to measure the Earth’s magnetic field for proprioception
purposes. However, it would only allow for the estimation of two rotational components,
and any translational effects, such as an elongation of the continuum robot, could not be
captured. Alternatively, some papers (Guo et al., 2019; Luo et al., 2017; Ozel et al., 2015) use
coaxial pairs of magnets and sensors embedded in the robot to estimate planar deformations.
Recently, Mitchell et al. (2021) has shown that a similar strategy can sense 3D deformations.
Such simple arrangements greatly simplify the analysis, allowing for connecting readings
to shape through direct interpolation. Nevertheless, relying on isolated pairs of sensors and
magnets also strongly limits the density and the amount of information gathered through
this method.

Magnetic
Sensor

.
e aremi 2
argmin g €

j=1

Optimization

Magnet Sensor ~ Neural
“ Kinematics Network

Estimated Kinematic
Configuration

Real System

Figure 9.1: Proprioception for continuum soft robots with magnetic sensors: an initial configuration estimate
q is employed to derive the kinematic relationship a? between a sensor and each magnet. Subsequently, this
kinematic description is used to predict the sensor measurements # € R™ with a neural network trained in
advance. A Mean Squared Error (MSE) metric evaluates the accuracy of the predictions @ compared to the actual
measurements u. Finally, we optimize the configuration estimate g to achieve proprioception by minimizing the
sensor measurement prediction loss.

This chapter proposes to use permanent ring magnets and multiple magnetic sensors
for shape sensing of continuum soft robots. Importantly, we remove the requirement
of magnets and sensors being placed in coaxial pairs. We have been inspired by recent
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work leveraging deep learning to interpret various types of non-magnetic sensor data for
proprioception purposes (Ding et al., 2021; Soter et al., 2018; Thuruthel et al., 2019; Truby
et al.,, 2020). However, learning end-to-end mappings from sensors to configurations has
three significant drawbacks: (i) it is data-intensive, (ii) it calls for recurrent architectures
to encourage temporal consistency for the robot’s configuration estimates, and (iii) it
requires re-training when changing the kinematic model of the robot. We propose a neural
architecture that circumvents all three issues (see Fig. 9.1). First, we train shallow neural
networks to predict the measurements of the magnetic sensors from a parameterization
describing their relative pose with respect to the magnets. We then optimize the configura-
tion estimate - and thus the sensor positions - to minimize the error between the predicted
and actual sensor measurements. This way, we introduce a priori information on the modes
of deformation of a continuum soft robot, effectively removing the kinematics from the
black box. The presented strategy enables us to re-arrange and remove redundant sensors
during inference without requiring us to re-train the neural network on the adjusted sensor
configuration.

To summarize, this chapter contributes to the state of the art in soft robot sensing with:

« A proprioceptive sensing modality relying on multiple magnetic sensors in conjunc-
tion with a neural network-based architecture that learns to estimate the full 3D
shape of the robot from the sensor readings.

« Injection of kinematic priors through a description to spatially relate the poses of a
sensor to the magnets. This proposed description serves as input to a neural network
that predicts sensor measurements.

« Experimental verification of the approach for a one-segment robot with three inte-
grated Magnetoresistive Sensors (MRSs) and proprioception of 3D curvature.

We open-source a Python/PyTorch implementation of the proposed algorithm and the
corresponding datasets on GitHub !.

9.2 PROPOSED METHODOLOGY: PROPRIOCEPTION WITH

MAGNETIC SENSORS

This section introduces a methodology to achieve proprioception for soft robots with
magnetic sensors. We consider a continuum robot with the shape of its backbone de-
scribed by the configuration variables q € R™. In the commonly used PCC kinematic state
parametrization (Webster III and Jones, 2010), the continuum robot is assumed to consist
of ny, segments with each segment exhibiting constant curvature and elongation along its
length. Therefore, the configuration of the soft robot can be described with g € R3™. Please
refer to Appendix 9.2.3 for more details. We indeed use PCC for most of our simulations
and experiments. Note, however, that the proposed proprioception algorithm applies to
any finite-dimensional kinematic description of a soft robot (Armanini et al., 2023). Indeed,
we also specifically consider a robot with AC (Della Santina, 2020; Stella et al., 2023¢c) with
its shape described by the configuration g € R%. We document this alternative kinematic

Thttps://www.github.com/tud-phi/promasens
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Figure 9.2: Panel (a): Parameters used to describe the kinematics between the j® sensor and the k™ magnet. To
simplify the illustration, we visualize the unextended planar case with both magnet and sensor part of the ith
segment. However, this is not a strict assumption, as magnets and sensors can also be part of different segments.
Panel (b): Coordinate frames for a soft segment containing the j magnetoresistive sensor and the k™ cylindrical
magnet placed along the center line. {S;_1} and {S;} describe the frames of the base and tip of the i segment,
respectively.

model in Appendix 9.2.4. The proprioception methodology described in the remaining
section is agnostic to the chosen kinematic model.

9.2.1 PROPOSED METHOD AT A GLANCE

We integrate ny, axially symmetric magnets and ns magnetic sensors into the robot. The
magnets must be installed along the center line of the segment, while the sensors can
be arbitrarily placed. Fig. 9.1 concisely describes the proposed shape-sensing strategy
with a pictorial example of a soft robot described with three constant curvature segments
equipped with five magnetic sensors and three cylindrical magnets.

The goal of the algorithmic part (center of the figure) is to regress the robot shape (left)
by estimating the configuration q of all segments (right), starting from the measurements of
the magnetic sensors u (e.g., usually the magnetic flux density). We achieve this by training
a sensor measurement predictor and subsequently optimizing the configuration estimate
q for the prediction # to match the actual sensor measurement u. Instead of predicting
the sensor measurements end-to-end, we decouple the kinematics by explicitly describing
the kinematic relationship §A i = f¢,j(@) between sensor j and each magnet. Then, we train

a neural network f; to predict the measurement #; based on the input f ;. To achieve
proprioception, we jointly optimize g for all sensor measurement predictions.




176 9 EXPLOITING LEARNED MAGNETIC FIELDS AND KINEMATIC MODELS FOR SHAPE SENSING

9.2.2 BACKGROUND: CONTINUUM SOFT RoOBOT KINEMATICS

A kinematic description provides us with the forward kinematic transformation T ;(g;, s)
from base frame {S; 1} at the proximal end of the i segment to the local frame {S,} at
a coordinate v € [0,1] for a given configuration g;. Furthermore, the tip frame of the it
segment located at the coordinate v = 1 is denoted as {S;}, as shown in Fig. 9.2(b).

9.2.3 PIECEWISE CONSTANT CURVATURE KINEMATICS
Under the PCC hypothesis, the shape of each segment i of length L; and radius d; can be
fully parameterized through three variables

qi = [Ax,i Ay,i 5Li]T € ]R3 (91)

where Ay; and A, ; represent bending into the local x and y directions respectively and
SL; defines the elongation of the segment. The base frame of segment i is referred to as
{Si_1} as stated in Fig. 9.2(b). Given g¢;, a homogeneous transformation T ;(g;,v) to the
point frame {S,} is available

2

1+ AAz (C,—1) A’(g—?”’(cv -1 s,
Rialgpv) =| 22 (C, - 1) 1+%(Cv—1) s, |
us, g, c, 9.2)
pi-1(qiv) = % [Ax,i(l -C,) A,;(1-C) AiSU,]T
:

where R?_;, p!_,(gi,v) denote the rotation matrix and translation vector respectively. We

substituted A; = | [AZ + Ai,i, Sy = sin (UTAI_I'), and C, = cos (UTAI_") for conciseness.

9.2.4 AFFINE CURVATURE KINEMATICS

The AC hypothesis (Della Santina, 2020; Stella et al., 2023c) models the bending of the soft
segment to be conforming to the affine function x(,v) = ko(t) + k1(t)v, where k describes
the local curvature of the backbone at the coordinate v € [0,1] along the segment and
Kko(t), x1(t) are the zero-order and first-order term of the curvature polynomial respec-
tively (Della Santina and Rus, 2019). Specifically, we implement the recently proposed
extension to 3D environments (Stella et al., 2023c), which specifies an azimuth angle of
the bending direction ¢(t) and additionally allows for an elongation §L(t) of the segment.
Accordingly, the configuration of the i segment is described at any point in time by

qi = [KO,i K1,i (/J)i (SLi]T € ]R4. (93)

Now that the configuration space is defined, we aim to find a description of the forward
kinematics. Firstly, the bending angle 6;(q,v) is found by integrating the curvature

v 2
0(q,v) = / ki(q,v")dv" = Ko v+ Ky % (9.4)
v'=0
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The rotation to the frame {S,} can then be easily determined with Ri_, (q,v) = Ry,(q,v)Ry(q, v)R;i (q.v).
After substituting S. = sin(-), C. = cos(-) for conciseness, we state the homogeneous trans-
formation as

Séi Co, + Céi =54:C4:Co; +54,Cpi Sp;Se,
R 1(q.0) = |=54,Cy;Co, + S4,Cy, Séi + Cgsi Co, =50,Cy |,
—54;50, S6,Cy; Co,

o sin(0(q,v"))dv’ sin(g;) ©.5)
pi-1(q:v) = (Lo)i + 5Li) —fv,U:O sin(0(q, V)’ cos()|.
fv/vzo cos(0(g,v"))dv’

We choose to integrate the translational terms in (9.5) numerically with 101 sample points
using the Torchquad (Gémez et al., 2021) implementation of the Simpson’s rule, which
makes the forward kinematics fully and automatically differentiable.

9.2.5 MAGNET SENSOR KINEMATICS

This subsection derives the kinematic relationship &; = f¢,(q) € R!*4"m between the j
sensor and all ny, magnets as we hypothesize that we can estimate the sensor measurement
u; solely based on a) the angle 1; € R! to the earth’s magnetic field, b) the distance dj]-<
between the j™ sensor and k" magnet, c) the angle a]k between the sensor measurement
direction and the cylindrical axis of the magnet, d) the angle ﬁ]k between the sensor
measurement direction and the vector from the magnet to the sensor, and e) the angle Gj-‘
between the cylindrical axis of the magnet and the vector from the magnet to the sensor.
Accordingly, £; is defined as

kT

&=fei(@=(4 }T SO S ,ffmT)T € R1T4mm, (9.6)

with & jk € R* the kinematic relationship between the j™ sensor and the k™ magnet: ¢ ]k =

(d]]-< Ot]’»< ﬁjk 95?)T € R*. We visualize the parameters incorporated in §jk in Fig. 9.2(a).
In the following, we present the derivation of all components of £¥. Please note that all
kinematic frames used in the following paragraphs are visualized in Fig. 9.2(b).
We define that the k™ magnet is integrated into the i segment. Now, we first derive
a transformation matrix T;"f from the base frame {S;_;} to the magnet frame {S, }. This

can be achieved by evaluating the chosen kinematic model, two of which we report in the

Appendix 9.2.2, at the segment coordinate v = dLlo’i‘. This means that the cylindrical magnet
is integrated at a distance, which is measured aléng the backbone, of dp,, from the base of
the segment.

Subsequently, we describe the pose of the j sensor with respect to the base of the i
segment. Denote with ds, ; the radial distance of the sensor from the center line, with ¢; the
azimuth angle of the sensor in the cylindrical plane, and with dj; , the axial distance along
the center line from the base of the i segment. We derive the transformation T’ to the

center of the cylindrical plane of the sensor analogously as for the magnets by evaluating

s

the forward kinematics at v = ﬁj This is followed by applying the radial offset d;, in
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the cylindrical plane of the sensor

cosp;j —sing; 0 ds;cos(g;))
j siro |sing; cosg; 0 ds sin(p;)
Till = ’1}7]10 0 / 0 ! 1 K 0 ! . (97)
0

0 0 1

Optionally, a static rotation offset can be applied to R,.Sﬂ 1 such that local z-axis {os;} corre-
sponds to the sensor measurement direction.

Knowing the transformation matrices from the base frame of the respective segment to
the sensor and magnet frames, we express them in the inertial frame {S,} by multiplying
with the kinematic chain T} ! = Hi;i TL]

Next, we need to express the sensor measurement direction {05j}0 and the cylindrical
axis of the magnet {oy, }o in the inertial frame

{og3o=RY (0 0 1)7, fombo=Ry*(0 0 1) (9.8)

As the sensor measures contributions of the earth’s magnetic field, we need to state the
angle A; between {o; J }o and the earth’s magnetic field unit vector {n.}o. Similarly, we

investigate the angle ocjk between {os j}o and the cylindrical axis of the magnet {0y, }o

COS(Aj) = {ne}o .{OS]' }05 COS(CY]]F) = {Omk}o .{OS}' }0’ (99)
We define the translation and distance between the magnet and the sensor in the frame
{So} as:
Sj m
pi=pd—p0*s  dy=Ip}l. (9.10)

Building on the derivation in (9.10), we compute the angles jk and 9;‘ using the dot product
rule

k k
Y30, F 20
cos(ﬂ]’?) = Lks,}o’ cos(@f) = Lkmk}o (9.11)
P Ipj 2
Lastly, the kinematic descriptions for all sensors are vertically stacked as
E= (& o f] . E]) " e R, (9.12)

We will in the following refer to the mapping f;(q) : g € R™ — & € R"*4"m" a5 the magnet
sensor kinematics.

9.2.6 DATA-DRIVEN SENSOR MEASUREMENT MODEL

We use a data-driven approach to learn the forward sensor model @ = f;(£;) for each sensor
using a neural network parameterized with 7. We note that the same neural network
weights can be shared for all sensors, but oftentimes, performance can be improved by
training a specialized model with weights 7; for each sensor. During training on a dataset
of length n;, we minimize the MSE between the predicted sensor measurement #; and the
actual sensor measurement u;:

nt

min — " (Fo(&(0) - 1,(0)’, 9.13)

t =0
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Algorithm 2 Proprioception with magnetic sensors

Input: u(t) eR™ > Sensor measurements
Input: §(t—1) € R3™ > Estimated configuration at the last time step
Input: f; : R¥" — R4 > Magnet sensor kinematics
Input: f, : R"%tmas 5 Ros > Trained neural network
Input: yeR > Step size
Output q(t) e R?™ > Estimated robot configuration

1o« q(t—1)

2: 1«0

3. b« 0€R3¥™

4: while [ < n;; do
s & f:(q)
6 iy fr(&)

A e iy - u(t>||2
B bu o pbrt i oE (7@ ) G- u()
% g1 < qi—ybi

10: [« 1+1

11: end while

12: I* « argmin; uf™™°"
. .

13: q(t) < g

where t denotes the current time index. Note that whenever we omit the time index in our
notation, we always refer to the current time ¢. Finally, to simplify the notation, we combine
each sensor measurement prediction u; € R into an array u € R™ and stack the neural
networks as fi1(€) : € » u. We discuss the choice of the specific network architecture later
in Section 9.3.

9.2.7 PROPRIOCEPTION VIA OPTIMIZATION

Now, that we are able to predict the sensor measurement % using the composition of the
kinematics fz(¢q) and the neural networks fi1(€), we need to optimize the configuration
estimate q for the predictions # to match the actual sensor measurements u as closely as
possible. We detail the procedure in Alg. 2. We capture the error between the predicted
sensor measurements 7 and the actual sensor measurements u by the MSE loss function
we strive to minimize

cup= 3 ) (9.14)

4 n
j=1 s
Accordingly, the optimal configuration estimate ¢ can be found with
q = argmin L ,(q). (9.15)

We optimize the cost function (9.14) through iterative gradient descent, as detailed in
Fig. 9.3. The gradient descent is initialized with the best estimate of the previous time-step
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Figure 9.3: A block diagram of the gradient descent as an iterative update loop for the configuration belief q(t).
The gradient descent is initialized with the optimized solution ¢y = §(# — 1) from the previous time-step. Note
that during the iterative loop, g4+; updates g; in the memory block.

qo(t) = q(t —1). As common in literature, we optimize the state belief §; with a step size y
and the momentum p using the Jacobian of the loss a%tﬁu(é)
7} N N N
bir=pbi+ ﬁﬁu(q), Qe = G =y biya (9.16)
t

We can use the chain rule to derive an analytical expression for the gradient of the loss
incorporating the gradient of the magnet sensor kinematics d; f¢(q) and the gradient of

the neural network 9 ¢ fu(®):

o . 279 Nfa .\ R
(mﬁu(q):%(aqu(q)) (agfn@)) (- u). ©.17)

After executing the gradient descent for ny iterations, we evaluate which iteration [* had
the lowest loss £, and accordingly select q(t) = g+ as the best configuration estimate of
time-step t.

9.3 PIECEWISE CONSTANT CURVATURE SIMULATIONS

We evaluate the proposed methodology for estimating the PCC kinematic configuration
g € R3™ of soft continuum robots thoroughly in simulations. The PCC model allows for
the bending and elongation of each segment in 3D space. Please refer to Appendix 9.2.3
for more details. We vary the number of robot segments ny,, remove and add sensors (i.e.,
change ng), modify the arrangement of sensors, and the direction of the earth’s magnetic
field n.. To motivate some of the unique advantages of our method, we use the same
learned neural network weights for all these trials.

9.3.1 SIMULATION SETUP
In our simulations, we consider a robot consisting of one, two, or three segments. All
cylindrical segments have an unextended length of Ly; = 110 mm and a radius of d; = 22 mm.
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Simulated failure of
sensors 4, 8 & 12

w [T)

Time [s]

(a) Magnetic field for a three- (b) Simulated sensor failure
segment robot

Figure 9.4: Panel (a): Simulated magnetic field of a robot with three segments. The blue arrows mark the
measurement directions of the sensors, the magnets are rendered in green, and the three segments are visualized
in a color sequence from black to violet. The magnetic flux density B is shown via streamlines and logarithmic
coloring. Panel (b): Sensor measurement predictions (top) and configuration estimates (bottom) for a three-
segment robot with twelve sensors nominally. We simulate a sensor failure of the 4th, 8th, and 12th sensors after
5s of trajectory time by removing the measurements of these sensors from the gradient descent. This can be
compensated for automatically by the redundancy of the sensor configuration. We plot the ground-truth values
u and q in solid, the estimate # and ¢ as a mean over three random seeds with dashed lines, and the standard
deviation as an error band.

Each segment has a neodymium N50 ring magnet of outer diameter 12 mm, inner diameter
6 mm and thickness 6 mm integrated along the backbone at a distance of di,, = 55mm
from the base of the segment. In the nominal case, three sensors are placed symmetrically
in the tip plane of each segment at a radius of 13 mm from the center with the sensor
measurement direction pointing along the local, negative z-axis of the tip plane {S;}. We
also consider alternative placements of the sensors, which we further detail in Section 9.3.5.

We build on Magpylib (Ortner and Coliado Bandeira, 2020) to simulate the magnetic
field behavior. We model the magnets as cylindrical neodymium grade N50 rings with
a magnetization of 1450 mT in the local z-direction. After simulating the magnetic field,
we rotate the B-field into the local reference frame of each sensor and take the local
z-component of the magnetic flux density as the sensor measurement.

9.3.2 PREDICTION NETWORK

The training set consists of 120000 random configurations sampled from uniform distribu-
tion Ay; ~ U'(=20.7mm, 20.7mm), A, ; ~ U'(~20.7mm, 20.7mm), and §L; ~ V'(0,5.5mm),
where the upper bound represents a bending of the tip of 54° with respect to the base
of a segment and an elongation of 5 %. We also randomize the placement of the sensors
in the training set. While in the nominal case, the first of the symmetrically placed sen-
sors is placed on the local x-axis, we randomly sample an offset angle ¢.¢ ~ U(0, i—:)

for each training sample, where ng, = 3 is the number of sensors per segment. Finally,
we also randomly sample the radial displacement of the sensors from the center with
dsy ~ U°(8.7,17.3)mm and consider a tilting of the sensors (e.g. a rotation around the
tangential axis) with 5 ~ U"(—20°,20°). Before training, we randomly split off 30 % of the
training set for validation purposes.
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We conducted a selection study involving hyperparameters and feed-forward neural
network architectures (number of layers, nodes, and nonlinear activation layer types)
on the validation set. In particular, we aimed to generate a smooth loss landscape to
improve the gradient descent convergence, leading us to employ a Stochastic Gradient
Descent (SGD) (Ruder, 2016) optimizer in conjunction with the Stochastic Weight Averaging
(SWA) (Izmailov et al., 2018) strategy. The neural network itself has 18 layers in total and
contains, after an initial 1D batch norm layer, four blocks, and is concluded with a fully
connected layer at the end. Each block consists of a dropout with a probability of 1%, a
linear layer, a ReLU, and a 1D batch norm layer. The hidden state is first increased to 96
nodes, then to 256 nodes, and finally reduced again to 64 and 24 nodes. We minimize a MSE
loss of the neural network prediction #;(t) for 250 epochs with batch size 650 while setting
an initial learning rate of 0.18 for the cosine annealing learning rate scheduler (Loshchilov
and Hutter, 2016). The SWA (Izmailov et al., 2018) strategy is started after 125 epochs. We
train the neural network such that all sensors in the i segment share the same weights
7;. When the training is finished, we select the model from the epoch with the lowest
validation loss and save it for later testing.

/{4 NY)

(a) t=0s (b) t=2s (c) t=4s d) t=6s ) t=38s ) t=10s

Figure 9.5: Sequence of stills for simulated sensor failure as shown in Figure 9.4(b): the number of sensors per
segment, which are rendered in blue, is reduced from four to three at t = 5s. We visualize the ground-truth shape
of the soft robot with full opacity and the estimated configuration with slight transparency. The magnets are
rendered in green, and the three segments are visualized in a color sequence that ranges from black to violet.

9.3.3 OPTIMIZATION

We optimize the configuration variables g; = (Ax,i,Ay,i, S5L;)T for each segment to minimize
the sensor measurement prediction loss as defined in (9.14). The optimization strategy
solely relies on gradient descent and uses the best solution from the last time step ¢*(t — 1)
as an initialization go(t). For the first time step of the trajectory, we initialize with the
ground truth. We use a step size y =3.5-107%,3-1073, and 2- 1073 during gradient descent
for a one-segment, two-segment, and three-segment robot, respectively. For all robots
with more than one segment, the step size is reduced by a factor of ten when optimizing
the elongation. The momentum y is 0.3 for all trials and we perform 20 gradient descent
iterations for each time step.

9.3.4 EVALUATION

We evaluate the performance of our method at estimating the configuration of the segment
by computing a relative RMSE metric with respect to the ground-truth configuration q(t)
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for each configuration variable separately

TR0 - .0 (0.18)
eq, = Jm Dy, )

where n; is the number of discrete time-steps and Dy, is the dynamic range of each
configuration variable between the maximum and minimum value in the test set. All
simulations are evaluated on a full lemniscate trajectory, which is very similar to what
is plotted based on experimental data in Fig. 9.9(d). The maximum bending angle of this
trajectory is 45° and the elongation of the segment follows a cosine wave with a minimum
and maximum at 1.25 % and 3.75 % respectively.

9.3.5 RESULTS

We present all simulation results in Tab. 9.1. In the first section, robots with one to three
segments, which all exhibit a nominal sensor placement, are considered separately. Neural
networks are trained separately for each of these robots, as the input dimension needs to
be adjusted to the number of magnets. The results show that the method works well for
robots with 1-3 segments. It can be observed that the estimation error is usually lower for
the distal segment(s).

Next, the number of sensors ny is varied for a three-segment robot. We always apply a
symmetrical placement of the sensors in the tip plane of each segment. In the first trial,
two sensors are mounted in the tip plane of each segment opposite to each other (6 sensors
in total). While the bending along A ; and the elongation of the segments §L; can still
be estimated, the setup does not contain sufficient information to accurately determine
the bending into A, ;. While the nominal case of nine sensors in total already achieves
relative RMSEs in the range of 1.6 % to 6 %, the proprioception performance can be slightly
improved by adding more sensors. We emphasize that the neural networks are not retrained
when adding or removing sensors. In Figures 9.4(b) and 9.5, we plot the proprioceptive
performance of a three-segment robot with four sensors per segment. Then, we simulated
a failure of the 4th, 8th, and 12th sensor at 5 s by removing these sensor measurements
from (9.16) (i.e., the gradient descent). Our method is able to adapt without re-training and
leverage the nominal redundancy of sensor measurements, as three sensors per segment
are sufficient for shape estimation.

Then, two adjusted sensor placements are investigated while keeping the neural net-
work weights constant. First, the sensors are tilted from the nominal case of pointing along
the local z-axis by s = 10° towards the inside. In a separate simulation, the sensors are
moved radially from nominally 13 mm to 16 mm. As the results show, the configuration of
all three segments can still be estimated accurately with a mean error of 3.3 %.

Finally, the Earth’s magnetic field of magnitude 0.065 mT is added. A separate neural
network is trained on a training set with randomly sampled magnetic field vector directions
ne. As the last section of Tab. 9.1 demonstrates, the methodology is able to adapt to any
Earth’s magnetic field direction by leveraging the A; input parameter.
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Table 9.1: Simulation results: First, we report the absolute RMSE e, of sensor measurement predictions on the test set averaged across all sensors on the robot. Next, we
state the relative RMSE [%] of each robot configuration estimate. All results are trained on a trajectory with randomly sampled configurations and sensor kinematic
parameters for each segment separately and evaluated on a lemniscate trajectory. The first section applies our methodology to robots consisting of a different number of
segments ny, with three sensors attached to the tip of each segment. The number of sensors is varied in the second section for a three-segment robot with all sensors
placed symmetrically. The third set of trials then investigates how robust the method is to changes in the kinematic parameters of the sensors, such as the tilting angle of
the sensors /s and the radial distance of the sensors d; . Finally, we apply the Earth’s magnetic field along different cardinal directions in the inertial frame. The RMSE of
the configuration estimates is normalized with the range of the dataset for each configuration variable as stated in (9.18). We report the error as mean + stdev and compute
the statistics over three different random seeds. The random seed determines the initialization of the neural network weights at the start of the training.

Simulation Specifications e, [mT] ep,, [%] ey, [%] est, [%] ea,, [%] €y, [%] est, [%] en,s [%] €Ay (%] esis [%]
Variation of ny=1, ng=3 0.015+0.002 1.7+1.0 1.8+1.1 2.84+0.6 - - - - - -
# of segments np=2, ng=6 0.015+£0.001 4.2+1.3 39406 63+1.3 234+£06 22403 41+£13 - - -
& np=3, ng=9 0.015+£0.002 3.74+2.1 47416 6.0+£2.0 26+1.6 25+£1555+16 1.6+1.2 1.6+1.127+14

np=3, ng=>6 0.015+£0.002 3941.2 244+2.7 84+2.6 25+1.3 53.2+£5.0 6.0+1.7 1.5+£1.1 5234+£7.3 3.1+1.0

Variation of  np=3, ng=9 0.015+£0.002 3.7+2.1 4.74£1.6 6.0+£2.0 26+1.6 25+£1555+16 1.6+1.2 1.6+1.127+14
# of sensors  np=3, ng=12 0.015+£0.001 3.7+1.6 39413 4.6+24 26+13 26+1.244+£19 1.6+£1.2 15+13 254+£1.6
np=3, ng=18 0.016 £0.002 3.24+15 35413 424+18 24+13 25412 44+18 1.5+13 13+1.1 254+1.5

Nominal np=3, ng=9 0.015+£0.002 3.74+2.1 47+£1.6 6.0+£2.0 26+1.6 25+£1555+16 1.6+£1.2 1.6+1.1 2.7+14
Sensors tilted ﬁmnuoo 0.015+0.002 8.1+4.0 6.4+2.0 4.7+0.7 51+£23 38+08 5.6+£24 28+1.2 1.94+0.8 414+0.6
Sensors shifted ds,=16 mm 0.017+£0.003 344+15 4.0+£13 6.2+25 26+£1.0 28+18 6.7+£09 1.6+1.2 1.6+1.0 4.04+2.0
Earth n.=(1,0,0) 0.012+0.002 2.0+04 24+4+1.143+13 1.8+0.7 19+£03 3.6+£20 1.5+03 1.6+0.4 3.24+0.9
magnetic ne=(0,1,0) 0.012+0.002 1.94+0.5 2.5+0.8 3.8+1.1 1.9+£05 20+0.234+16 1.5+03 1.6+0.4 3.34+0.8
field ne=(0,0,1) 0.012+0.001 2.04+0.7 2.6+09 41+£09 1.6+03 1.7+£03 494+15 1.5+£05 1.44+0.1 3940.3




9.4 AFFINE CURVATURE SIMULATIONS 185

9.4 AFFINE CURVATURE SIMULATIONS

To demonstrate the efficacy of the proposed method for higher-order kinematic models
than PCC, we also conduct simulations of an AC soft robot. The AC kinematic parametriza-
tion (Della Santina, 2020) has been shown capable of representing the shape of soft tenta-
cles (Stella et al., 2023c, 2022) and provides a continuous function k = kg + k1 v to describe
the curvature of the soft robot, where ky, k; are two configuration variables and v € [0,1]
is the backbone coordinate. We allow for movement in 3D space by also specifying an
azimuth bending angle ¢ and the elongation §L. Please refer to Section 9.2.4 for more
implementation details about the AC model.

9.4.1 SIMULATION SETUP

We use the same simulation setup as described in Section 9.3.1. Therefore, we report
in the following only the implemented modifications to simulate an AC soft robot in
Magpylib (Ortner and Coliado Bandeira, 2020). Namely, we consider one AC segment of
length Ly; = 200 mm with in total ng = 9 magnetic sensors. The sensors are placed on three
separate cylindrical planes at distances ds, of 0 mm, 100 mm, and 200 mm from the base of
the robot. In each plane, the three sensors are spaced at an angle of 120° and at a radial
distance ds, = 13mm from the backbone, as it can be seen in Fig. 9.7. Two ring magnets
are positioned at a distance of 50 mm and 150 mm from the robot’s base, respectively.
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Figure 9.6: Sensor measurement predictions (top) and configuration estimates (bottom) for an AC segment with
nine magnetic sensors. We plot the ground-truth values u and g in solid, the estimate @ and g as a mean over
three random seeds with dashed lines, and the standard deviation as an error band. The random seed determines
the initialization of the neural network weights at the start of the training.

9.4.2 PREDICTION NETWORK AND OPTIMIZATION
We simulate 120000 random configurations of the AC robot to generate the training
set. For this purpose, we sample the configuration variables from uniform distributions:




186 9 EXPLOITING LEARNED MAGNETIC FIELDS AND KINEMATIC MODELS FOR SHAPE SENSING

| V) v

(a) t=0s (b) t=2s (c) t=4s d) t=6s (e) t=8s ) t=10s

Figure 9.7: Sequence of stills for a simulated AC robot. We visualize the ground-truth shape of the soft robot with
full opacity and the estimated configuration with slight transparency. The two magnets are rendered in green,
and the nine sensors in blue.

the AC parameters ko € U°(0,0.942rad/m), x; € U°(0,3.770rad/m?), the azimuth angle
¢ € U'(0,2n rad), and the elongation SL € U°(0,6.6 mm). Before training, we randomly split
off 30 % of the training set for validation purposes. We train a specialized neural network
Ju(¢p for each sensor and use the same neural network architecture as in Section 9.3.2
with the exception of the addition of a final layer y(x) = sign(x) e*!. The training runs for
a total of 250 epochs and uses the SWA (Izmailov et al., 2018) strategy with a learning rate
of 0.01. All other training hyperparameters are the same as in Section 9.3.2.

The four configuration variables are optimized to minimize the loss between the pre-
dictions and simulated measurements of the nine sensors as defined in 9.14. For this
optimization procedure, we employ gradient descent running at 40 Hz with step sizes of
Yo =1 Yi, =5, ¥p =1, and ys; = 2-107*. The momentum is set to y = 0.3 and 20 iterations
are performed at each time step.

9.4.3 EVALUATION

We evaluate the trained model on a flower trajectory of duration 10 s and sample rate 40 Hz.
The evaluation trajectory has the following characteristics: x, is actuated by a sinusoidal
wave of frequency 0.3 Hz in the range [0,  rad/m]. Similarly, ; is also varied through a
sinusoidal function of the same frequency and has a dynamic range of [0.17, 7] rad/m?. The
azimuth angle ¢ is linearly scaled from 0 rad to 27 rad over the duration of the trajectory.
Finally, §L follows a sinusoidal sequence of frequency 0.1 Hz in the range of [0,5.5] mm.
We use the same evaluation metrics as first introduced in Section 9.3.4. We report the error
as mean * stdev and compute the statistics over three different random seeds. The random
seed determines the initialization of the neural network weights at the start of the training.

9.4.4 RESULTS

The trained neural networks achieve an RMSE error for predicting the magnetic sensor
measurements of 0.025 + 0.002mT on the test set. When we run inference (see Fig. 9.6)
on the flower trajectory, the configuration variables can be estimated with an absolute
RMSE of ey, = 0.042 +0.005rad/m, ey, = 0.11+0.04rad/m?, eg =0.08+0.02rad, and es; =
0.001 £0.001 mm. We state the relative RMSE errors for the configuration estimates as
€xg =5.4+0.7%, ex; =4.0+£1.4%, ey =1.3+£0.4%, and es; =3.8+1.6%. In Fig. 9.7, we render
at six different points along the trajectory the robot’s shape according to the ground truth
and estimated configurations, respectively. The sequence qualitatively shows that our
proposed method is able to estimate the affine curvature robot’s shape very accurately.
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Figure 9.8: Left: Exploded rendering visualizing the robot design with the three MRSs integrated into a PCB at the
tip of the segment. The electrical wires from the Printed Circuit Board (PCB) are passed through the backbone to
the base. A ring magnet attached to a 3D-printed holder is integrated into the backbone at a half-segment-length
distance from the proximal end. The air chambers of the segment are connected to a pressure regulator via tubing
glued at the base of the segment. Right: Experimental setup with the soft robot segment attached in tip-down
configuration to the motion capture cage.

We verify the performance of our proposed proprioception method in experiments
involving one soft robot segment with three magnetoresistive sensors attached to the
tip. We aim to estimate the CC configuration ¢ = (Ay;1,Ay1)" € R? from the measured
sensor values u(t) € R3. We let the robot follow a diverse set of trajectories and evaluate
the proprioception performance. After measuring the ground-truth pose of the tip of the
segment with a motion capture system, we perform inverse kinematics with the closed-
form solution reported by Della Santina et al. (2020a) and quantitatively compare the
proprioceptive configuration estimate of the segment with the ground-truth configuration.

9.5.1 RoBOT DESIGN

We use a cylindrical, pneumatically-actuated soft robotic silicon segment of length Ly =
110mm and radius d; = 22mm consisting of three independently inflatable cavities evenly
spaced in the radial direction from the center line (Marchese et al., 2015). The proprioceptive
sensing system is achieved by embedding one ring magnet in the backbone at a distance
dm, = 55mm from the base of the segment and three symmetrically-placed MRSs at the
tip of the segment as visualized in Fig. 9.8. Although we use MRSs in our experimental
setup for their high sensitivity (Popovic et al., 2002), this is not a strict condition, and other
sensor types measuring the magnetic field, such as Hall-effect sensors, can be combined
with the methodology proposed in this chapter, too. For casting the silicone segment, we
use a 3D-printed mold with a magnet holder that keeps it in place inside the segment. The
magnet used is a neodymium ring of grade N50 with a thickness and inner diameter of
6 mm each and an outer diameter of 12 mm. The MRSs of type Honeywell HMC1021Z are
integrated into a Printed Circuit Board (PCB) and output a voltage difference of 50 mV/mT.
The three sensors are equally spaced at 120° from each other and are placed at a radial
distance of d;; = 13mm, and at a longitudinal distance of ds, = 116 mm from the base in a
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Table 9.2: Experimental results: absolute [mm] and relative RMSE [%] of sensor measurement predictions and
robot configuration estimates for various trajectories. The RMSE is normalized with the range of the dataset
for u and each configuration variable, respectively, as stated in (9.18). We report the error as mean + stdev and
compute the statistics over three different random seeds. The random seed determines the initialization of the
neural network weights at the start of the training.

Trajectory e, [mV] ey [%] ep, [mm] en, [%] ep, [mm] en, [%]

T5.train — TO.test 9.90+090 3.90+0.40 0.37+0.06 3.70+£0.60  0.44+0.01  3.50+0.10
T5.train — T1.test 8.80+£0.30 4.40+0.10 0.36+0.08 6.50+£1.50 0.43+0.05 -
T5.train — T2.test  11.10+0.30  4.30+0.10  0.78+0.03  13.60+£0.60 0.74+0.23  5.90+1.80
T5.train — T3.test  12.30+0.30  4.60+0.10  0.52+0.06 4.50+0.50 0.47+0.03 3.10+0.20
T5.train — T4 3.01+£0.05 1.08+0.02 0.33+0.02 2.40+0.10  0.52+0.06 3.10+0.40
T5.train — T5.test 1.60+0.10  0.58+0.05  0.24+0.05 1.90+£0.30  0.24+0.01 1.40+0.05

straight configuration. For each sensor, we implemented a Set / Reset and an amplification
circuit on the PCB. The Set / Reset circuit is used to calibrate the sensor by re-aligning the
magnetic domains. After amplification of the sensor output by a factor of 100, the output
of the sensors is processed with a Texas Instruments ADS1115 module resulting in a digital
signal of 16 bit resolution. All sensor measurements u are in the range [0mV, 2048 mV],
which corresponds to magnetic flux densities of [0mT,41mT].

9.5.2 EXPERIMENTAL SETUP

We conducted our experiments in a lab environment with the base of the soft robot segment
mounted in a tip-down configuration to a cubical cage, as shown in Figure 9.8. A 3D-printed
ring with four reflective markers is mounted on the tip of the segment. Eight motion capture
cameras are attached to the cage, tracking at 40 Hz the 3D pose of the ring. We transform
the pose measurements of the tip to the base frame of the robot and compute the closed-
form inverse kinematics (Della Santina et al., 2020a) to receive a ground-truth configuration
estimate g(t) € R%. Each of the three pneumatic chambers of the segment is connected via
tubing to a separate valve of a proportional pressure regulator operated at 100 Hz. We read
out the analog signals of the MRSs with an Arduino Uno at 40 Hz and save them for later
offline processing. We temporally align the motion capture and the magnetic sensor data
by detecting the initial extension of the robot with a suitable threshold. The sensor noise
is determined for both an unelongated straight configuration and during fully inflated
bending. Here, the standard deviations of the white noise are 0.24 mV and 3.55 mV, which
normalizes to 0.03 % and 2 % of the dynamic range, respectively. Furthermore, we identify
the earth’s magnetic field direction in the base from as {fi.}o = (—0.311,-0.234,0.921)"
using a compass and the World Magnetic Model (WMM) (Chulliat et al., 2020).

9.5.3 PNEUMATIC ACTUATION AND TRAJECTORIES

We consider, as visualized in Fig. 9.9, six continuous actuation sequences in this chapter:
random configuration way-points which are connected through linear interpolation (T0),
planar side bending (T1), the tip following a half lemniscate (T2) and full lemniscate (T3),
a spiral with constant linear velocity (Carrasco-Zevallos et al., 2018) (T4) and finally a
flower-shape (T5). We define our trajectories as wrenches 7y, = [‘L’X Ty] " on the tip of
the segment in Cartesian space, where 7y and 7y cause bending around the local x- and
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y-axis of the tip respectively. The pressures we command from the pressure regulator are
given by inversely evaluating the force produced at the center of pressure at the tip of the
segment for each chamber for a given chamber pressure (Della Santina et al., 2019a). All
actuation sequences are preceded by first applying an offset pressure of 225 mBar in all
chambers, which causes a near-constant elongation of the segment. The peak pressure,
which causes maximum bending, is set for all trajectories to 450 mBar.

The 1D bending (T1), half lemniscate (T2) and full lemniscate (T3) are all executed
periodically with a period of 55, 10s, and 10 s respectively. Trajectories TO and T4 are
characterized by a constant velocity in torque-space of 0.025Nm/s and 0.0125kNm/s
respectively. The flower trajectory T5 can be described as periodic 1D bending with a
linearly changing azimuth angle. It exhibits an angular velocity of 0.0126 rad /s and a period
of 10 s for the bending, which results in 50 bending cycles per circumnavigation. While
the random configuration setpoints of T0 are recorded for 200s, T1, T2 and T3 have total a
duration of 90 s each, and the spiral T4 and flower T5 last for 120 s and 1500 s respectively.
We split off the final 20 % of all datasets as a test set.

9.5.4 PREDICTION NETWORK AND OPTIMIZATION

We use the same neural network architecture and training procedure as in Section 9.3.2,
but with an adjusted initial learning rate of 5-107> and train the model separately for each
sensor on the 1200 s long T5 / flower trajectory, which results in 48 000 training samples
for each neural network.

We optimize the configuration variables A, and Ay, for the one segment to minimize the
sensor measurement prediction loss as defined in (9.14). The optimization strategy solely
relies on gradient descent running at 40 Hz with a step size y = 1.5-10~® and momentum
4 =0.2. We visualize a sample loss landscape in Fig. 9.10(a).

9.5.5 RESuULTS

First, we quantify the performance of the neural network predicting the sensor measure-
ments %(t) for a known, ground-truth configuration g(t), which we report in Table 9.2. We
observe that the relative RMSE lies between 0.6 % and 4.6 % of the range of the respective
datasets with a mean of 3.1 %. As expected, the predictions are generally the most accurate
when evaluated on a trajectory of the same type as the neural network was trained on (T5).
Next, we analyze the proprioception performance on the same trajectories. We report rela-
tive RMSEs between 1.9 % and 13.6 % for estimating the bending of the robot. Additionally,
we visualize the configuration estimates for two trajectories: in the top-right of Fig. 9.10(b),
we run inference for our trained model on T2. While the proprioception estimate tracks
the general shape of the trajectory well, the optimization, particularly for A, gets trapped
in local minima, sometimes leading to periods of higher error. Next, we consider a model
trained and evaluated on separated sets of the T5 trajectory. The configuration estimate
tracks the ground truth very well, as can be seen at the bottom right. Finally, we present a
sequence of stills based on camera views and renderings of the soft segment for inference
on T3 in Fig. 9.11.
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Figure 9.9: Trajectories used during the experiments. We plot the shape of the segment under PCC approximation

in light blue and the position of the tip of the segment in dark blue.
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Figure 9.10: Panel (a): Sample loss landscape for optimization of A, and A, on T5. With the hue, we visualize the
RMSE of the sensor measurement prediction i for a given configuration § = (Ay,A,)". Additionally, we denote
the initial configuration estimate with gy, the trajectory of the gradient descent with §j, the optimal configuration
with ¢, and the ground truth with g. Panel (b) top: Proprioception on the test set of T2 using a model trained on
T5. Panel (b) bottom: Configuration estimates for a model trained and evaluated on separated parts of trajectory
5. We plot the ground-truth configuration g in solid, the estimate ¢ as a mean over three random seeds with
dashed lines, and the standard deviation as an error band. The bottom right plot zooms onto a selected part of T5
(e.g., 185 to 22 s) to more clearly visually distinguish the dashed lines from the solid lines.
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Figure 9.11: Sequence of stills for inference on T3 (full lemniscate) of a model trained on T5. The top row
shows camera recordings of an external view, and the sequence in the bottom row consists of renderings of
the ground-truth state (in full opacity) and the estimated segment shape (slightly transparent). The sensors are
colored in blue, and the ring magnet integrated into the backbone is shown in green.
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9.6 CONCLUSION

This chapter proposed a sensing strategy for soft-bodied robots that relies on multiple
magnetic sensors embedded directly in the robot. Thanks to a novel kinematics-aware
neural architecture, we can simultaneously use information coming from all the sensors to
reconstruct the full robot shape reliably. The decoupling of the kinematics from the learned
sensor measurement predictor allows modifications to the placement of the sensors without
requiring a re-training of the neural network. The proposed method is agnostic to the used
kinematic state parametrization, which we verified in simulations using either PCC or AC
models. Extensive experiments with a soft segment showed that a model can be trained
on one trajectory type and then be used for inference on a variety of other trajectories
in the same workspace. In future work, we will validate the proposed proprioception
methodology to execute closed-loop control. We also invite future research studying the
optimal placement of sensors in continuum soft robots, where the optimization procedure
might take advantage of the gradients provided by our algorithm. Additionally, we would
like to validate the proprioception methodology, which we have developed for the general
case of ny, segments, experimentally on a multi-segment robot.

AFTERWORD

This chapter presented an example of how prior knowledge, in this case, a soft robot
kinematic model, can be leveraged to simplify a learning problem, which in turn improves
the data efficiency of the learning, as we drastically reduced the number of inputs and
outputs compared to a naive solution of learning proprioception end-to-end. Essentially,
the prior knowledge here allowed us to reduce the size of the learned black-box by pulling
out the kinematics. In the following two chapters, Chapters 10 & 11, we again strive to
leverage prior knowledge, this time for learning the dynamics of soft robots. Contrary to
this chapter, instead of reducing the size of the black-box, we endeavor towards a grey-box
model that incorporates physical structure and exhibits certain stability guarantees.
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10

LEARNING LOW-DIMENSIONAL
STRAIN MODELS BASED ON
SHAPE EVvOLUTION

Foreword. As discussed in Chapter 2, dynamical models for soft robots are developed
by first establishing a parametrization of their configuration (i.e., defining the kinematic
model). Currently, the process of selecting and fine-tuning such a model largely relies
on the modeling engineer’s intuition and iterative adjustments. Beyond selecting the
strain model approach (e.g., PCC, PCS, PAC, GVS, etc.), it is also necessary to determine
other model-specific parameters. For instance, when using kinematics based on the PCS
approximation, decisions must be made regarding the number of backbone segments, the
length of each segment, and the active strains per segment. As demonstrated in Chapter 5,
these choices—such as the selection of active strains—significantly impact the accuracy of
the shape approximation and, consequently, the quality of the dynamic model. Moreover,
there is an inherent trade-off between model complexity (i.e., the DOF of the model) and
model performance, a consideration that is currently underappreciated within the soft
robotics modeling community. To address these challenges, we recognize the need for an
automated algorithm that thoroughly analyzes this trade-off and selects an appropriate
kinematic model based on the analysis. Additionally, we seek a method capable of deriving a
dynamic model and efficiently identifying its associated parameters from data. Crucially, we
aim to preserve the interpretability and structure of these physics-based models throughout
the learning process. In this chapter, as described in Sec. 10.3, we propose a two-step
approach to tackle this problem. First, the Kinematic Fusion algorithm automatically
determines a suitable PCS-based kinematic parametrization using pose samples of the
backbone shape. Second, the Dynamic Regression & Sparsification algorithm identifies
the parameters of a physics-based dynamic model in closed form while simultaneously
reducing model complexity by eliminating negligible strains. This approach enables us
to maintain the interpretability of a physics-based white-box model while learning its
parameters in a data-driven manner. Finally, it allows us in Sec. 10.4.5 to leverage P-
satl-D+Feedforward controllers, as already applied to the physics-based HSA model in
Chapter 6, for model-based shape regulation of the soft robot.
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Abstract. Obtaining dynamic models of continuum soft robots is central to the analysis
and control of soft robots, and researchers have devoted much attention to the challenge of
proposing both data-driven and first-principle solutions. Both avenues have, however, shown
their limitations; the former lacks structure and performs poorly outside training data, while
the latter requires significant simplifications and extensive expert knowledge to be used in
practice. This paper introduces a streamlined method for learning low-dimensional, physics-
based models that are both accurate and easy to interpret. We start with an algorithm that
uses image data (i.e., shape evolutions) to determine the minimal necessary segments for
describing a soft robot’s movement. Following this, we apply a dynamic regression and strain
sparsification algorithm to identify relevant strains and define the model’s dynamics. We
validate our approach through simulations with various planar soft manipulators, comparing
its performance against other learning strategies, showing that our models are both compu-
tationally efficient and 25x more accurate on out-of-training distribution inputs. Finally, we
demonstrate that thanks to the capability of the method of generating physically compatible
models, the learned models can be straightforwardly combined with model-based control
policies.

This chapter is partly based on [3] R. Valadas*, M. Stélzle”, J. Liu, and C. Della Santina (2025). Learning Low-
Dimensional Strain Models of Soft Robots by Looking at the Evolution of Their Shape with Application to Model-
Based Control. In Proceedings of the 2025 IEEE 8th International Conference on Soft Robotics (RoboSoft) (pp. 1-8).
IEEE. (Valadas et al., 2025).

*RV. and M.S. contributed equally to this work. M.S. conceived the research project, devised the overall approach,
and wrote the paper. RV. implemented the methodology, came up with the kinematic fusion algorithm, was in
charge of most simulations, and created most graphics. M.S. implemented and compared against the baseline
approaches and conducted the closed-loop control simulations. M.S., J.L., and C.D.S. contributed ideas, supervised
the research project, and revised the manuscript. C.D.S. provided the funding.
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10.1 INTRODUCTION

odeling the dynamical behavior (Armanini et al., 2023) of soft robots with com-
M putationally tractable models is important for many applications, such as efficient
simulation (Alkayas et al., 2025), model-based control (Della Santina et al., 2023), state
estimation (Shao et al., 2023), and co-design (Wang et al., 2024). Developing such (low-
dimensional) dynamic models is challenging and is an active area of research (Alora et al.,
2023a; Armanini et al., 2023). The use of data-driven approaches has been extensively
investigated in this context (Alora et al., 2023a; Bruder et al., 2020; Chen et al., 2024; Thu-
ruthel et al., 2017). These learned models exhibit poor extrapolation performance (Kim
et al.,, 2021), a lack of interpretability, and (physical) structure preventing us from directly
leveraging closed-form control solutions such as the PD+feedforward (Della Santina et al.,
2023). Instead, researchers had to fall back to computationally expensive planning methods
such as MPC (Alora et al., 2023a; Bruder et al., 2020).

The traditional avenue established by the robotics and continuum dynamics commu-
nities has been to derive the dynamical model directly from first principles (Armanini
et al., 2023; Boyer et al., 2020; Della Santina et al., 2023; Gazzola et al., 2018; Grazioso
et al,, 2019; Renda et al., 2018) which provides physical interpretability and structure at the
cost of needing substantial expert knowledge, for example, in the selection of the proper
kinematic approximations (e.g., PCC (Webster III and Jones, 2010), PCS (Renda et al., 2018),
GVS (Boyer et al., 2020)). Suboptimal choices or even errors in applying this modeling
procedure can lead to significant issues like inaccurate predictions and overly complex
models. This hinders the democratization of soft robots, as only specialized research labs
possess the required expertise (Aracri et al., 2024).

Recently, there has been a community push towards integrating physical structures
and stability guarantees into learned models (e.g., Lagrangian Neural Networks (Liu et al.,
2024a), residual dynamical formulations (Bruder et al., 2024; Gao et al., 2024), or oscillatory
networks (Stélzle and Della Santina, 2024)) which combine benefits from both worlds:
they are learned directly from data which reduces the expert knowledge that is needed
but at the same time exhibit a physical structure that can be exploited for model-based
control and stability analysis. This work positions itself in this new trend of research,
specifically focusing on deriving kinematic and dynamic models for continuum soft robots
in a data-driven way.

Indeed, deriving reduced-order kinematic representations remains the core challenge
in physics-based modeling. Previous works have relied heavily on the modeling engineer’s
intuition and experience to make decisions on the number of PCS segments, the length of
each segment, and which strains to consider (Toshimitsu et al., 2021). However, these deci-
sions are not straightforward and could easily result in models that are higher-dimensional
than necessary, or that important strains are ignored based on a wrong intuition (Garg et al.,
2022). Very recently, Alkayas et al. (2025) proposed a data-driven algorithm to identify the
optimal discrete GVS (Boyer et al., 2020) strain basis of continuum soft robots via Proper
Orthogonal Decomposition (POD). However, the discrete strain basis requires careful nu-
merical integration at runtime, and identifying the dynamical parameters (e.g., stiffness,
damping coeflicients) of the soft robot relies upon solving a nonlinear least-squares problem
that is not always well behaved (Stolzle et al., 2024b).

This chapter proposes to solve these challenges by introducing an end-to-end approach
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that can automatically learn both a PCS kinematic parametrization and the corresponding
dynamical model, including its dynamic parameters, directly from image/Cartesian pose
data. First, a kinematic fusion algorithm aims to minimize the DOFs of the PCS kinematic
model while preserving a desired shape reconstruction accuracy for the given discrete
shape measurements in Cartesian space. In contrast to previous work (Alkayas et al.,
2025), we do not necessitate prior knowledge about strain discontinuities. Secondly, an
integrated strategy is proposed to simultaneously sparsify the strains of the PCS model
and estimate the parameters of the dynamical model with closed-form linear least-squares.
Contrary to common symbolic regression approaches such as Sparse Identification of
Nonlinear Dynamics (SINDy) (Kaiser et al., 2018), we crucially preserve the (physical)
structure of the Euler-Lagrangian dynamics as derived according to the PCS model. This
feature allows the derived dynamical model to be subsequently rapidly deployed within
established model-based controllers (Della Santina et al., 2023).

We verify the approach in simulation in a diverse set of scenarios, including different
robot topologies and the performance when measurement noise is present. Impressively,
the method is able to accurately perform long-horizon (7 s) shape predictions when being
trained on 4 s of trajectory data. We benchmark the proposed approach against several
state-of-the-art dynamical model learning approaches (e.g., NODEs, CON, LNNs). On the
training set, our proposed method exhibits a 70 % lower shape prediction error than the
best-performing baseline method (NODE). However, we find that the difference is even
greater in extrapolation scenarios (i.e., actuation sequences and magnitudes unseen during
training): Here, our proposed method reduces the shape prediction error on the test set by
96 % compared to the best performing ML baseline (NODE). Finally, we demonstrate how
the Lagrangian structure of the identified dynamical model allows us to easily design a
model-based controller that is effective at regulating the shape of the soft robot.

A video attachment presents the research idea & methodology and contains supple-
mentary plots and animations of the results presented in the chapter.!

10.2 PRELIMINARIES
In the following, we will provide some background on the PCS kinematic model and

the derivation of soft robot dynamics following a Lagrangian approach, which are two
fundamental topics for this chapter.

10.2.1 PIECEWISE CONSTANT STRAIN (PCS) KINEMATICS
The PCS model (Renda et al., 2018) describes the kinematics of continuum soft robots by
assuming that the six elemental local backbone strains (shear, axial, bending, twist) are
piecewise constant across ns segments but variable in time. We remark that other popular
kinematic models for soft robots, such as PCC (Webster III and Jones, 2010), are often a
special case of the PCS model.

For the planar case, the configuration of the ith segment is referred to as

T
qi:[Kbe,i Osh,i Uax,i] E]R3, (10-1)

Thttps://youtu.be/dfO-PhDIiHI
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where Kpe i, Osh i, Oax,i are the bending, shear, and axial strains, respectively, and i €{1,..., ns}.
Therefore, the configuration of the entire soft robot is defined as g € R, where nq = 3n;.
We also have access to closed-form expressions for the forward and inverse kinematics
of a single constant strain segment (Stolzle et al., 2024b). As a consequence, forward
and inverse kinematics for the entire planar PCS soft robot can be implemented using an
iterative procedure starting at the proximal end without having to resort to differential
(inverse) kinematic techniques. Namely, the forward kinematics 7 : R" — SE(2) allow
us to compute the pose y; = [px,j Dy,j Gj]T = 9(q, s;), where s; € [0,L] is the backbone
abscissa/coordinate, L is the length of the entire continuum structure in an undeformed
configuration, py j, py,; € R and 6; are the positions and orientations at point s, respectively.
Given N poses along the backbone, we can also define the inverse kinematic mapping
0 : 3N xN — nq that provides us with the configuration g = o(y, s) in closed-form. Here,
q; will describe the configuration of the ith constant strain segment connecting the i — 1th
and the ith markers with associated poses yi—; and y;. This means that ng = N —1 in order
that p can be bijective.

10.2.2 LAGRANGIAN DyNAMICS
The Lagrangian of a mechanical system as a function of the configuration g € R" and the
corresponding time derivative ¢ € R™ can be expressed as

. . 1, .1
£a.0)=Tl@.d)-V(@= i M@d-30'Ka~ [ Godg, 102
—_—
T(q.9) v(g)

where T (q,¢), U'(g) are the kinetic and potential energy of the system, respectively, and
M(g) > 0 € R"¥*"a is referred to as the mass matrix. G(g) € R™ contribute the gravitational
forces and K € R"a*™ represents the linear elastic stiffness of the system. Subsequently, the
Euler-Lagrangian equation can be leveraged to derive the EOM of continuum soft robots
as (Della Santina et al., 2023; Liu et al., 2024a)

’L . L . oL

IE . %% Dpi=r 10.3
aqzq 9q0q 1" aq TP4 (10.3)
where we are also considering the generalized dissipative forces Dg and the actuation
torques 7 € R™. In this work, we assume, without loss of generality, that both the stiffness
matrix K = diag(ky, ..., knq) and the damping matrix D = diag(dy, ..., dnq) > 0 are diagonal.
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Figure 10.1: Overview of the proposed methodology with the key contributions (Kinematic Fusion and Dynamic
Regression and Strain Sparsification) highlighted in orange. Inputs: We consider N Cartesian pose measurements
x distributed along the soft robot backbone, for example, obtained using Computer Vision (CV) techniques from
video recordings, as inputs. Kinematic Fusion: We apply an iterative procedure that involves (i) computing
the robot configuration ¢ using PCS inverse kinematics, and (ii), to avoid overly complex and high-dimensional
models, we merge adjacent segments with similar strains across the dataset into one segment of constant strain.
Dynamic Regression: We identify the PCS dynamic model by iteratively regressing coefficients using linear
least squares and further reduce the model complexity by neglecting insignificant strains. Output: The identified
dynamic model has a Lagrangian structure suitable, for example, for model-based control applications.

10.3 METHODOLOGY

In this work, we propose a strategy for automatically identifying low-dimensional strain
models for continuum robots directly from shape trajectories, as outlined in Figure 10.1. We
assume that we have access to the poses of N markers along the backbone that represent
a discretized shape description of the soft robot. In this work, we primarily focus on the
planar case, where we extract SE(2) poses using computer vision techniques. However,
the proposed Kinematic Fusion approach, along with the Dynamic Regression and Strain
Sparsification strategy, can be extended to 3D scenarios with SE(3) inputs. While obtaining
consistent and unoccluded SE(3) poses solely from vision-based information in 3D can
be challenging, it is feasible (Zheng et al., 2024). Additionally, SE(3) pose measurements
can always be acquired through other proprioceptive (Rosi et al., 2022) or exteroceptive
methods, such as motion capture systems.

The goal is now to identify kinematic and dynamical models that allow (a) to represent
the shape with ng PCS segments (Renda et al., 2018), where necessarily the final ng < N,
and (b) to predict the future shape evolution of the soft robot. We tackle this task by (i)
identifying a low-dimensional parametrization (e.g., number of constant strain segments,
the length of each segment, etc.) of the kinematics over a series of static snapshots and
(ii) identifying the parameters of the Lagrangian model and simultaneously eliminating
strains from the model that do not have a significant effect on the shape evolution. We
refer to component (i) as the Kinematic Fusion algorithm, as it is an iterative approach to
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Figure 10.2: Schematic of the kinematic fusion algorithm. As inputs serve a sequence of N discrete poses along
the backbone of the soft robot. Next, we execute inverse kinematics in closed form with a ng = N —1 segment
PCS model to identify the (unmerged) configuration of the robot. Initially, each constant strain segment connects
two neighboring backbone poses. Subsequently, we compute a strain similarity measure d;;;; between each pair
of adjacent segments. If segments exhibit a similar strain (i.e., the metric falls below a threshold k), we merge
them into one constant strain segment. This process is repeated until no more merging is possible, resulting in a
kinematic model with (hopefully) fewer segments: 1 < ng < N —1.

merge parts of the backbone that exhibit a similar strain into constant strain segments.
The component (ii), named Dynamic Regression & Strain Sparsification algorithm, is an
iterative procedure that, at each iteration, first regresses in closed-form the coeflicients of
the dynamic using linear least-squares and then eliminates strains from the dynamic model
if the stiffness associated with a strain exceeds a given threshold. The intuition here is that
strain would oscillate at very high frequencies, which are usually not relevant for practical
control, and that it would take very high forces to introduce a significant deflection in the
strain. The output of our approach is low-dimensional kinematic and dynamical models
that preserve the physical & PCS strain model structures.

10.3.1 KiNEMmATIC FUSiION

As previously introduced, the algorithm is provided for each training dataset sample
k € {1,...,T} with N pose measurements y and associated backbone abscissas s € RN
distributed along the backbone of the soft robot. Therefore, we initialize at [ =1: (N =N
and ; y = y, where [ € N>; denotes the iteration index.

At the beginning of each iteration, we leverage the closed-form inverse kinematics to
compute the configuration ,q = p(;y,;s) of a ;n; = ;N — 1 segment PCS model. We now
compute between each of the total ;n; — 1 segment pairs, the following normalized strain
similarity measure

19i+1 (k) - l%(k)

max mm

) T
1dij+1 = Z

., vie{l,ng—1}, (10.4)
2
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Figure 10.3: Schematic of the dynamic model identification process that simultaneously regresses the dynamic
parameters and neglects unimportant strains. Based on a ng-segment PCS model, a library of basis functions
is constructed to parameterize the system’s Lagrangian and EOM. A regression framework is established on
a dataset of configuration-space positions ¢(k), velocities g(k), accelerations ¢(k), and actuation torques 7(k)
that estimates the dynamic parameters #* with closed-form, linear least squares. Strains that exhibit a stiffness
higher than a predefined threshold are neglected, prompting adjustments to the basis functions. Subsequently,
this procedure is repeated until all strain stiffnesses lie below the threshold.

where

¢ = ieNTlicIelNT a(k): ¢ = e keN T (k). (10.5)
are the minimum and maximum configuration values across the dataset, respectively. This
normalization is necessary as strains usually exhibit vastly different magnitudes. For
example, the bending strains are usually more than one order of magnitude larger than
the axial strains. We keep all segment pairs with ;d;;;; > h, where h is a tunable threshold,
separate. Oppositely, we merge all neighboring/adjacent segments with ;d;;+; < h into
one single segment of constant strain. If indeed 3i € {IN s | dii+1 < h}, then then kinematic
model is reduced to ;, , ns segments, where | ;ns < ;ns. As a final step of the iteration, we
now subsample the Cartesian poses ; ; y and the associate backbone coordinates ;, ; s such
that they only contain the tip of each of the fused segments.

The kinematic fusion step is repeated with [ = [+ 1 for ny — 1 iterations until no more
merging is possible, which can occur either if - di,m > hvie{l, e Mls — 1} (i.e., the strain
similarity measure is larger than h for every pair of segments) or the model gets reduced to
a single segment (i.e., ,  ns = 1). We illustrate the kinematic fusion algorithm in Fig. 10.2,
and an example of the thresholding is visualized in Fig. 10.4(a).

10.3.2 DYNAMIC REGRESSION & STRAIN SPARSIFICATION

After obtaining a kinematic model with the Kinematic Fusion algorithm, we can employ
the identified parametrization as a foundation for deriving a dynamic model. First, we
symbolically derive the basis functions of the PCS dynamical model. Subsequently, we
implement an iterative procedure to (i) regress dynamic coefficients with linear least squares
and (ii) identify strains that can be neglected and remove them from the dynamical model.
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PARAMETRIZATION OF THE PCS Dynamic MODEL wITH Basis FUNCTIONS

In order to easily regress the dynamic parameters with linear least squares, we first derive
the PCS dynamics for a n, segment soft robot from first principle (Armanini et al., 2023;
Della Santina et al., 2023), with all rotational and linear strains taken into account, and
subsequently parametrize both the Lagrangian and Euler-Lagrangian equations as a linear
combination of monomial basis function.

ng ny
L(q.q) =Y 7mifi(q.q). = 77¥(q.q G €R™, (10.6)
j=1 j=1

where f; : R"xR" — R denotes each of the basis functions, and € R™ the corresponding
coefficients. Analog, we derive symbolically the EOM using an Euler-Lagrangian approach
(see Section 10.2.2) and now state the corresponding basis functions as ¥(gq, ¢, §) € R™*™
with ¥; : R"axR" xR" — R" such that

nf 2 2
o f; o°f; af;
T= E [71']' (,fzjc']'+ fj,q—f]>}+Dq', (10.7)
= aq aqaq aq

T . . . .
where 7t = [nT dT] € R™ contains the associated coefficients and consists of 7 and

the damping coefficients d = diag(D) € R".

REGRESSION OF DYNAMIC PARAMETERS

In order to estimate the dynamic coefficients, we formulate the linear regression problem as
T = Xr*, which accommodates the dataset of positions, velocities, and accelerations X =
[W(q(1),4(1),G(1)7,...¥(q(T),4(T),G(T))"]" € RT"*"¥ and the corresponding actuation
inputs 7 = [77(1),...,7"(T)] € RT". We solve this optimization problem with linear least
squares, which minimizes the residual error as min|7 — X z*|3 and allows us to identify
the dynamic model coeflicients in closed form as

A=) X, (10.8)

SPARSIFICATION OF STRAINS

This dynamic identification method offers the advantage of having interpretable results, as
each estimated coefficient has some physical meaning within the PCS dynamic derivation.
Specifically, among those we can extract the estimated stiffness matrix K = diag(ky, ..., ky s

allowing us to assess the importance of each strain through its stiffness magnitude ke. A
strain with high stiffness usually exhibits low displacement, approximating rigid behavior.
Therefore, such strain can be considered non-essential and neglected in the dynamics. We
define a maximum allowable stiffness kg"®* € R> for each strain/configuration variable as
a function of the maximum Elastic and Shear moduli E™®, G™#* € Ry. For example, in the
planar case and for constant cross sections of area A, and second moment of inertia I, this
can be conveniently done as

k]r)réax — ICEIHaX’ kglax — AC Gmax, k;l’}l(ax — ACEI'HaX. (10'9)
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Given these maximum stiffnesses, the e-th strain is neglected if its estimated stiffness
lies above the threshold k. > k7'®*. Therefore, the e-th strain is removed as a configuration
variable through

q = [thz,---,CIe—1,CIe+1,---,CInq)]T, (10.10)

and its influence on the dynamics needs to be eliminated as well. We update the Euler-
Lagrange basis functions as ¥ =limg, 4, 4,)-0 ¥(q, ¢, §). Any columns that turn into all-zeros
are also removed, and the coefficient vector #* is updated accordingly by removing the
corresponding rows. A similar procedure applies to the Lagrangian basis functions f and
their coefficients 7.

This procedure of regressing dynamic coefficients and sparsifying strains, as presented
in Sections 10.3.2 and 10.3.2, respectively, is the number of strains/configuration variables
converges (i.e., remains constant). We stress that the (likely) computationally expensive
operation of symbolically deriving the library of basis functions only needs to be done
once at the beginning, as we subsequently update the library by taking the limit at the end
of each iteration.

10.4 VALIDATION

To validate the proposed approach, we verify the kinematic and dynamic regression algo-
rithms separately. We test the kinematic fusion algorithm on simulated continuum soft
robots that behave according to the PCS and PAC model. Subsequently, we compare the
dynamic prediction performance of the proposed method against multiple ML baseline
methods on various PCS soft robots. Finally, we demonstrate how the regressed meth-
ods can be used in a plug-and-play fashion within a closed-form, model-based setpoint
regulation framework.

10.4.1 EXPERIMENTAL SETUP

EvaLuAaTION CASES

Cases 1-3 (1-3S PCS) These cases consider one-segment, two-segment, and three-
segment planar PCS soft robots (ns € {1,2,3}), respectively, with configurations g € R"
where ng € {3,6,9} and actuation 7 € R*,R®,R’, assuming full actuation.

Case 4 (1S PCS H-SH) This case is a one-segment PCS robot with high shear stiffness,
three orders of magnitude larger than in Case 1.

Case 5 (2S PCS H-AX/SH) This case is a two-segment PCS robot, where the 1! segment
has a significantly increased axial stiffness and 2°¢ segment an increased shear stiffness
w.r.t Case 2.

Case 6 (1S PAC) This case considers a one-segment PAC robot whose curvature can be
described by an affine function (Stella et al., 2023c).

DATASET GENERATION
In order to illustrate the end-to-end nature of our proposed method, we generate the
datasets as short video sequences of the soft robot’s movement. Therefore, we mimic a
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camera placed parallel to the robot’s plane of motion to capture the soft robot’s ground-
truth dynamics. At each time step, we render an image of the soft robot that contains
N =21 equally distant, visually salient features. In the real world, this could be achieved
by attaching markers to the soft robot that allow tracking of points along the backbone
across time (Stella et al., 2022). We simulate the robot’s ground-truth dynamics using the
planar PCS simulator presented in (Stolzle et al., 2024b).

For Cases 1 to 4, we include eight trajectories with randomly sampled initial conditions
in the training set. We consider stepwise actuation sequences for which we randomly
sample a torque every 10 ms. Each trajectory produces a 0.5 s video captured at 1000 Hz.
For Case 6, since the PAC simulator only accounts for kinematics, we generate an image
sequence featuring the robot in 500 randomly selected configurations. As the test set, an
additional trajectory with 7 s duration is generated by applying a sinusoidal actuation
sequence with 7 = a; sin(w1t)+ ay cos(w»t) € R™, where a; and a, are random amplitudes,
and w; and w; are random frequencies.

BACKBONE SHAPE DETECTION FROM IMAGES

To apply our proposed model identification method, we first extract the motion of several
Cartesian-space samples along the robot’s backbone. As we consider a planar problem
setting and rendered images of the soft robot’s shape, the goal is to extract the SE(2) poses
of N cross-sections along the robot. To satisfy the assumption behind the Kinematic Fusion
algorithm, the number of extracted poses N should be significantly larger than the expected
number of PCS segments required to model the robot’s behavior accurately: N > ng. We
leverage the OpenCV library for detecting the soft robot contour (findContours)
and extracting pose measurements along its backbone (ninAreaRect). Each frame is
binarized, and the contours of cross-sections are identified. This allows the extraction
of the center position (py j, py,j) and orientation 6; of each cross-section (also referred
to as marker). As in our case, the markers are equally distant, we compute, without loss
of generality, the backbone abscissa as s; = L For T video frames, this results in a

time sequence of SE(2) poses {x(1),..., x(T)}, )(j = [)(1 ...)(N] €R*® and je{1,...,N}. We

leverage a Savitzky-Golay filter (3"-order, window length 25) to estimate the associated
pose velocities y and velocities y.

EVALUATION METRICS

To evaluate the models quantitatively, we introduce position and orientation task space
metrics. We use a Cartesian-space Mean Absolute Error (MAE) measuring the deviation of
the estimated from the actual robot body shape, given by

ehoy Zzllp](k) pj(k)llz, oty _ ZZ|9(k) 9(k)|

k=1 j=1 k=1 j=1

(10.11)

where p;(k) and 6;(k) € R are the estimated position and orientation of point i along the
structure, respectively, while p;(k) and 6;(k) are the ground-truth counterparts. These
metrics give the average pose error across all T frames of a trajectory and all N cross-
sections tracked along the robot, enabling a good evaluation of the kinematic model by
capturing how well it represents the overall shape of the soft robot structure.
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Figure 10.4: Kinematic Fusion Results: Panels (a) & (b): Average strain distances between pairs of adjacent
segments for Cases 2 & 3. The poses of 20 markers along the manipulators are tracked, resulting in 19 pairs of
segments to be evaluated for strain similarity. The threshold is represented by a dashed line, and the background
shading marks the resulting segments (separate segments are shaded in different colors). Panel (c): Average
strain distances between segments after the first iteration of the kinematic fusion algorithm for Case 6. Panel (d):
Pareto front that describes the trade-off between the DOF of the kinematic model (i.e., the number of segments)
and the shape reconstruction error for Case 6. The blue and orange lines represent the average kinematic body

position error eEOdy and the body orientation error eBOdy, respectively. The strain distance threshold A that is used
for separating segments is plotted on the upper x-axis.

In addition, we consider an end-effector Cartesian-space MAE given by
1 ¢ 1@,
&5 = = D leclk) = pec(Re, € = o ) 1Bec(k) — Oec(R), (10.12)
k=1 k=1

where pee(k) = pn(k) € R? and éee(k) € R are the estimated end-effector position and
orientation, respectively, with pec(k) and (k) being the ground-truth counterparts. This
metric is particularly useful for assessing the obtained dynamic models with a control

perspective, as the accuracy of the end-effector predictions is crucial for effective control
in task space.

10.4.2 KiNEMATIC FUSsiION RESULTS
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CaseEs 1,2, AND 3

Figs. 10.4(a) & 10.4(b) presents the average strain distances between the adjacent segment
pairs for Cases 2-3, as the result of the first and final iteration of the kinematic fusion
algorithm. The plots for Cases 2 and 3 reveal one and two peaks, respectively, revealing
where we need to separate segments in the kinematic model. The strain distance threshold
h is a hyperparameter that trades off model complexity with model accuracy. For common
soft robots that exhibit a PCS-like behavior, we recommend choosing h such as that the
segmented model exhibits isolated peaks in the strain distance metric, as visible in Fig. 10.4.
The number of segments and respective lengths for the resulting models obtained with a
threshold of h = 0.2 are presented in the third column of Table 10.1, and by comparing to
the second column, it is easily visible that our algorithm almost perfectly identified the
segment lengths. As a consequence of the correct identification of the number of segments
and segment lengths, the identified kinematic model also accurately captures the shape
of the robot with the position errors below 0.2 % of the robots’ length, as it can be seen
from the body shape reconstruction errors stated in the first three rows of Table 10.1. We
remark that the error can be further reduced by using a finer discretization of backbone
pose markers (i.e., increasing N).

Table 10.1: Kinematic fusion results: The second and third columns contain the actual and estimated segment
lengths, respectively. The Cartesian pose error between the actual and estimated backbone shape is stated in the
third and fourth columns, respectively. Case 6 represents a one-segment PAC soft robot of total length 150 mm
and can be, therefore, not be represented with a (one-segment) PCS model.

Actual segment Estimated segment

body body
Case lengths L [mm]  lengths L [mm] ep ~ [mm] e, " [rad]
1: 1S PCS [100] [100] 0082  638x1073
2: 28 PCS [70,100] [68,102] 0240  1.15x1072
3:38PCS  [50,100,60] [52.5,94.5,63.0] 0210  9.67x107?
6: 1S PAC [150] [7.5,105.0,37.5] 0746  8.92x10°2

CASE 6

Even though the kinematics of many continuum soft robotic manipulators can be described
by PCS/PCC kinematics, other continuum soft robots can only be described by piecewise
constant models in the limit N — oo as they exhibit polynomial curvature (Della Santina
and Rus, 2019; Stella et al., 2022) or even more generally GVS (Boyer et al., 2020). This
is particularly the case when external or gravitational forces dominate the elastic and
actuation forces (Della Santina et al., 2023). In order to verify that our approach is also able
to identify effective models in such situations, we test the kinematic fusion algorithm on the
case of an affine curvature robot (Stella et al., 2023c) and plot the resulting average strain
distances in Fig. 10.4(c). Indeed, the strain distance plot no longer exhibits clear, isolated
peaks (i.e., a single solution). Therefore, we formulate a Pareto front in Fig. 10.4(d) (by
varying the strain distance threshold #) that describes the tradeoff between the number of
PCS segments (i.e., the DOF of the kinematic model) and the shape reconstruction accuracy.
Analyzing and exploiting this tradeoff allows the user to choose their sweetspot between
model complexity and performance. In this case, we find that three segments represent a
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suitable compromise between model complexity and shape reconstruction accuracy, as it
exhibits a position error of only 0.5 % of the robot’s length.

10.4.3 DynAMIC MODEL IDENTIFICATION RESULTS

VERIFICATION OF DYNAMICAL REGRESSION

We verify the dynamical regression algorithm on one and two-segment PCS robots (i.e.,
Cases 1 & 2), both with and without measurement noise. After regressing the dynamic
parameters on the training set, we perform a rollout on the test set and compare the resulting
predicted trajectory with the ground truth. To confirm that the dynamic regression is also
effective when applied to real-world data, we apply in some experiments Gaussian noise that
mirrors measurement noise as we would encounter it for motion capture data, computer
vision detection errors, etc. to the poses included in the training set (i.e., y = y + N'(0, 0p)).
For Case 1, we sample the noise from a normal distribution with standard deviations 0.5 mm
and 1° for the position and orientation measurements, respectively. Analog, we define the
standard deviation of the noise for Case 2 as 0.1 mm and 0.5°.

The results are reported in Tab. 10.2 (top four rows), and the rollouts of Cases 1 & 2 are
included in Figs. 10.5-10.6. We also present a sequence of stills of the rollout of Case 2 in
Fig. 10.7. We conclude that even though the dynamical parameters are regressed on only
4 s of robot motion data, the dynamical predictions are extremely accurate on the long
horizon of 7 s (most control algorithms such as MPC operate on a much smaller horizon).
The position error for the experiments not involving noise stays below 5 % in both cases.
When noise is present in the training data, the position error is roughly tripled. Still, we
observe that the error is mostly related to the transient terms and the model converges
during the slower sequences of the trajectory to the ground truth. Most importantly, the
learned model, even when trained on noisy data, remains stable, as shown in Fig. 10.6.

VERIFICATION OF STRAIN SPARSIFICATION

Next, we verify that the strain sparsification algorithm can detect and eliminate strains that
do not have a significant effect on the dynamics and can be, therefore, neglected to reduce
the model complexity. For this purpose, we apply the integrated Dynamic Regression and
Strain Sparsification algorithm to Cases 4 & 5, which exhibit no shear strain and no axial
strain (1%'-segment) & no shear strain (2"4-segment), respectively. We define the maximum
elastic and shear modulus as E™®* = 100 MPa which leads to the stiffness thresholds for each
segment K" = diag(12.6Nm?,168N, 126 kN). For example, in Case 4, after determining
the dynamic parameters during the first iteration, the algorithm detects that the estimated
shear stiffness I%sh =1200N > K}** = 168 N. Therefore, the shear strain is eliminated from
the dynamic model, and the dynamic parameters are newly regressed during the next
iteration. Similarly, the algorithm correctly neglects the axial strain for the 1 segment
and the shear strain for the 2™ segment of Case 5. We visualize the test set rollouts for
Cases 4 & 5 in Fig. 10.8 and report the error metrics in the last three rows of Tab. 10.2.
The results show that in Case 4, the model without shear even exhibits a slightly smaller
position error than the model that includes all strains. A possible explanation could be
that with the Lagrangian being parametrized by fewer basis functions, the coefficients
for the remaining strains can be more accurately regressed. If we compare Case 2 and
Case 5 (both two-segment PCS robots), Case 5 exhibits significantly increased position and
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orientation errors. Still, we notice that the model predictions are usable, in particular for
shorter horizons.

Table 10.2: Dynamic regression results: End-effector position and orientation errors e}, ej® for the obtained
dynamic models evaluated on the 7 s sinusoidal test set trajectory. In some cases, we add artificial measurement
noise to the training data. For Case 4, we present two variants of the learned model: in the first instance, we
report the performance of a model that neglects strains as suggested by the dynamic sparsification algorithm. For
completeness, we furthermore also state the performance of a model that considers all strains. In Case 5, the 1%
segment only exhibits bending and shear strains (i.e, no axial strain), and the 2! segment only exhibits bending
and axial strains (i.e., no shear strain)

Case Meas. Noise Model Strains e’ [mm] ef° [rad]

1: 1S PCS X All 4.89 0.113

1: 1S PCS v All 13.7 0.307

2: 25 PCS X All 5.22 0.138

2: 2S PCS v All 16.8 0.135

4: 1S PCS H-SH X No shear 4.57 0.099
4: 1S PCS H-SH X All 5.14 0.116
5: 25 PCS H-AX/SH X LXK 179 0.305

@~ Model (w/o noise) =&~ Model (W/ noise) == GT @ Model (w/o noise) =&~ Model (W/ noise) == GT

] 0.14
50 28

G 1]
Position (x) [m]
<
g

Position (y) [m]

Orientation (8) [rad]

Time [s] Time [s]

(a) Configurations (b) End-effector pose

Figure 10.5: Verification of the model obtained for Case 1 on a sinusoidal trajectory. The dotted line denotes
the ground-truth (GT) trajectory, while the green and orange lines correspond to the models trained with and
without noise, respectively.

10.4.4 BENCHMARKING OF IDENTIFIED DYNAMICS AGAINST ML BASE-

LINES
We benchmark the derived dynamical model of Case 2 (i.e., a two-segment planar PCS
soft robot) against several models trained using machine learning approaches. Specifically,
we consider various learning-based approaches that range from completely data-driven
(e.g., NODE) over approaches that take into account the structure of Lagrangian systems
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Figure 10.6: Verification of the dynamical model with noise for a two-segment PCS soft robot (Case 2). The dotted
lines denote the ground-truth (GT) trajectory. For the configuration plot, blue lines refer to the first segment,

while orange lines are associated with the second segment. For the end-effector pose plot, the orange and green
lines mark the models trained with and without noise, respectively.

Table 10.3: Results for learning dynamics of a two-segment PCS soft robot (Case 2). We report the position (eBOdy)

and orientation (eZOdy) metrics that capture the mean shape error averaged over all time steps. The shape error is
computed by considering the dynamical evolution of three marker poses with s; € {68,119,170} mm. We report

the metrics for a rollout of the dynamics on both a 0.5 s sequence on the training set and the entire (i.e., 7 s) test
set.

Method Train eEOdy Train eEOdY Test eEOdy Test eg‘)dy
NODE

10.4 mm 0.27rad 245.6mm  12.22rad

LNN (Liu et al., 2024a) 550.8 mm 5.16 rad ) 00

CON (Stélzle and Della Santina, 2024) 12.9 mm 0.24rad 789.5mm  29.49rad
PCS Regression (Ours) 3.1 mm 0.04 rad 9.8mm  0.13 rad
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Figure 10.7: Sequence of stills for the test rollout of the regressed dynamic model trained on the two-segment
PCS dataset (Case 2). The blue and red dots represent the ground truth and estimated shape of the soft robot,
respectively. The orange line represents the shape estimated by a model trained on a training set with added
measurement noise.

(e.g., LNN, CON). To keep the comparison fair, we define the inputs for all methods as the
Cartesian poses y; € R® and the corresponding time derivative y; of N discrete markers
along the backbone. Furthermore, we also provide the actuation torques 7 € R® as a dynamic
model input. Therefore, the total model input exhibits a dimensionality of R®N*°, The task
of the dynamic model is to predict the acceleration j(k) € R*N. We tried supplying all 21
markers, which our method also has access to, to the baseline approaches. However, this
proved to be infeasible as the problem would become too high-dimensional in terms of
the number of inputs and outputs, and the baseline approaches would overfit the training
set. Therefore, we settled to give the baseline methods access to the pose measurements of
N = 3 markers distributed along the backbone of the robot at s; € 68,119,170} mm, where
s = 170mm corresponds to the end-effector.

Implementation of Baseline Methods The NODE is parametrized by a six-layer MLP
with hidden dimension 256 and hyperbolic tangent activation function that predicts based
on the input (y(¢), y(t), 7(#)) the acceleration y. We remark that with this strategy, we
already infuse the prior knowledge that the time derivative of the pose is the velocity, which
would not be the case in a naive implementation of a NODE. CONs (Stélzle and Della Santina,
2024) allow for learning of (latent) dynamics of Lagrangian systems with strong stability




210 10 LEARNING LOW-DIMENSIONAL STRAIN MODELS BASED ON SHAPE EvOoLUTION

guarantees (global asymptotic stability / input-to-state stability) by leveraging a network
of damped harmonic oscillators that are coupled by a hyperbolic potential. In order to
allow for arbitrary placement of the global asymptotically stable equilibrium point, we
learn a linear coordinate transformation into the latent coordinates z = Wy + b € R®,
z = Wy. LNNs learn the components of the Lagrangian L(y, y) = %)’(TM()())’( -U(y)
such as the mass matrix M(y) > 0 € R”?, the potential energy U'(y) € R, the damping
matrix D > 0 € R and the actuation matrix A € R®° and subsequently derive the EOM as
M(y)ji+ %SX X+ % + Dy = At using autodifferentiation. We regard A and D as trainable
weights and parametrize M(y) and U'(y) with six-layer MLPs with hidden dimension
256 (softplus activation). We leverage the Cholesky decomposition to make sure that

M(x),D > 0.

Training The first loss term is a MSE between the predicted (k) and actual acceleration
(k). Additionally, we roll out the trajectories over a horizon of 0.3 s and add loss terms
that compute the MSE error between the predicted states (y(k +r), )E(k +r)) and the
labels (y(k +r), y(k +r)), where r is the index of the rollout step. As training LNNs is
computationally very demanding due to the need to differentiate w.r.t. both inputs and
neural network parameters, we had to reduce the training rollout horizon.

Results We present the benchmarking results in Fig. 10.9 (evaluation on the training
set) and Fig. 10.10 (evaluation on the test set). Quantitative error metrics are provided
in Table 10.3. We report the performance for rollouts on both the training and the test
set. All methods, except for LNN, are able to predict the Cartesian-space evolution of
the markers attached to the soft robot backbone decently accurately over the training
set trajectory. Still, the our proposed method exhibits an 70 % to 80 % lower error than
NODE and CON (Stolzle and Della Santina, 2024). As LNN does not exhibit any stability
guarantees and it is trained on a relatively short horizon, it diverges from the ground-truth
trajectory after roughly 0.15s. As shown in panels (d) of Figs. 10.9 and 10.10, the axial
actuation forces on the validation set are one order of magnitude higher than in the training
set. Therefore, these axial forces can be considered to be out-of-distribution for the trained
models. Our proposed method is amazingly able to still exhibit very good performance,
while all baseline methods are no longer able to predict the dynamic evolution of the
system. LNN even becomes fully unstable after a few milliseconds, and we are, therefore,
not able to report test errors for this method.

10.4.5 DEMONSTRATION OF MODEL-BASED CONTROL
To demonstrate how the derived models can be used in a plug-and-play fashion for model-
based control, we simulate the closed-loop dynamics of a simulated two-segment PCS soft
robot (Case 2) with configuration q € R7 under a P-satI-D+FF (Della Santina et al., 2023;
Stolzle and Della Santina, 2024; St6lzle et al., 2024b) setpoint control policy
)= GlgH+Ke' + K(¢'-@-Kig+Kiem(®d .
— 1 (10.13)
Learned feedforward term  P-sat]-D feedback term (Pustina et al., 2022a)

where Kj, Ki, Kq € R™" are the proportional, integral, and derivative control gains, respec-
tively. The feedback control term is a PID-like controller with integral saturation (Pustina
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et al., 2022a) and the dimensionless gain Y € R which bounds the integral error at each
time step to the interval (—1,1) and reduces the risk of instability for nonlinear systems

t
en(t,)= [ tanh(Y(q )= gt )’ (10.14)

G(g) € R® and K € R® are the estimated gravitational forces and stiffness matrix, respec-
tively. We simulate the closed-loop dynamics with a Tsitouras 5(4) integrator at a timestep
of 0.05ms. Please note that we use the ground-truth dynamics as a state transition function.

To verify that the learned model performs well within the model-based control policy,
we create a sequence of 7 randomly sampled setpoints q4(k) € R®. The results in Fig. 10.11
show that the controller is able to effectively regulate a two-segment planar soft robot. The
tracking of the bending strain reference is perfect. For the linear strains, we notice small
errors in the feedforward term, but the integral control is able to compensate for them and
drive the system toward the reference. We stress that the structure and characteristics of
the learned model enabled us to formulate the control policy in closed form easily, and we
did not have to resort to techniques such as MPC or RL as it would be necessary for other
model learning techniques (e.g., LSTMs, NODEs).
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Figure 10.8: Verification of the strain sparsification algorithm on a one-segment PCS robot with shear modulus
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obtained for Case 4 on a sinusoidal trajectory. The dotted line denotes the ground-truth trajectory, while the
green and orange lines correspond to the models trained with and without noise, respectively.
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Figure 10.9: Benchmarking of the proposed method against various machine learning baselines on a PCS soft
robot consisting of two segments (Case 2) on the train dataset: We train the baseline methods on the dynamical
evolution of the Cartesian SE(2) poses of three markers distributed over the backbone of the soft robot with a
total length of 170 mm. The upper and lower rows visualize the rollout of all methods on the training and the
test set, respectively. The first three columns show the evolution of each of the three markers, where the last
marker represents the end-effector. The last column displays the actuation torques that were used to generate the

datasets.
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Figure 10.10: Benchmarking of the proposed method against various machine learning baselines on a PCS soft
robot consisting of two segments (Case 2) on the test dataset: We train the baseline methods on the dynamical
evolution of the Cartesian SE(2) poses of three markers distributed over the backbone of the soft robot with a
total length of 170 mm. The upper and lower rows visualize the rollout of all methods on the training and the
test set, respectively. The first three columns show the evolution of each of the three markers, where the last
marker represents the end-effector. The last column displays the actuation torques that were used to generate the
datasets.
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10.5 CONCLUSION

In this work, we propose a data-driven approach leveraging the PCS strain model to identify
low-dimensional kinematic and dynamic models for continuum soft robots directly from
discrete pose measurements of the backbone’s shape. Compared to ML-based models
(e.g., neural networks, symbolic regression), we preserve the physical structure of the
continuum soft robot model, leading to a significantly improved training data efficiency
and out-of-training-distribution performance. Furthermore, our method preserves the
physical structure, enabling fast and efficient model-based control design. Compared
to deriving and formulation continuum soft robot models by hand using PCC, PCS, etc.
approximations, our approach requires (i) less expert knowledge as the number of segments,
segment lengths, active strains, etc. are automatically determined and (ii) we can regress
all dynamic parameters with closed-form linear least-squares which is more efficient and
robust than traditionally used system identification procedures (e.g., constrained nonlinear
least squares, determination of parameters using mechanical testing equipment).

We verified both the Kinematic Fusion and the Dynamic Regression and Sparsification
algorithms in simulation. The Kinematic Fusion method can automatically and accurately
determine the number of planar PCS segments and their respective length purely based
on extracted SE(2) poses of the backbone shape. For continuum soft robots whose shape
by definition cannot be represented by the PCS model (e.g., soft robots exhibiting affine
curvature), we formulated a Pareto front between the DOF of the model and the shape
reconstruction accuracy. This enables the user to easily choose the best kinematic model
for a given computational budget. We showed that our proposed method is able to derive
accurate dynamic models from just 4 s of video recordings and can generalize to out-of-
distribution actuation sequences, which is not the case for the ML-based baseline methods
that we considered (e.g., NODE, LNN (Liu et al., 2024a), and CON (St6lzle and Della Santina,
2024)). Furthermore, even for samples inside the training distribution, our method exhibits
a more than 70 % lower shape prediction error than the baselines. Finally, we demonstrated
that the physical structure of the dynamical model that remains intact during the regression
allows us to leverage the learned dynamics within closed-form model-based control in a
plug-and-play fashion. For future work, it would be interesting to validate the proposed
approach on both 3D (i.e., SE(3) input poses) and real-world data. Furthermore, it would be
valuable to identify ways to regress a possibly underactuated actuation matrix A(q) € R"a*™,
where m is the number of actuators.

AFTERWORD

In this chapter, we presented a data-driven approach for identifying strain-based models
for continuum soft robots. Crucially, we preserve all insight and physical interpretability
into the kinematic and dynamical models, respectively. These features enable us to debug
the model and apply the fundamentally the same model-based control concepts (e.g., P-satl-
D+potential shaping) that we previously used in Chapter 6 for the HSA robot. Furthermore,
the strain distance threshold in the Kinematic Fusion algorithm and the maximum stiffness
threshold in the Strain Sparsification algorithm allow us to make the tradeoff between
model complexity and model performance (i.e., shape reconstruction for the kinematic
model and prediction accuracy for the dynamic model) explicit. As we basically derive an
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entirely whitebox model, the dynamic model exhibits excellent extrapolation performance
compared to blackbox or even greybox (e.g., LNNs) SOTA ML techniques. Although the
approach presented in this chapter demonstrates excellent performance and produces low-
dimensional, control-oriented models, it cannot capture very complex soft robot behaviors.
These include deformations of the backbone cross-sections, which the Cosserat rod model
neglects, as well as time-dependent effects such as hysteresis. While features like nonlinear
elasticity, observed in HSA robots (see Chapter 5), could theoretically be integrated into
the model, they currently cannot be automatically identified by the algorithm introduced
in this chapter. Additionally, since the approach relies on a PCS-based parametrization
derived from Cosserat rod theory, it performs poorly for robots that do not satisfy the
slender rod assumption. Moreover, the problem setting assumes access to pose samples
of the backbone’s shape. However, in scenarios where soft robots are intended to assist
humans with daily activities, exteroceptive sensing methods like Motion Capture Systems
(MCSs) become impractical. Extracting the backbone shape using Computer Vision (CV) is
also prone to errors, especially when tracking key points along the soft robot’s body over
time is challenging.

Therefore, in Chapter 11, we propose an alternative approach that employs a network of
basic mechanical systems (e.g., a harmonic oscillator) to learn latent dynamics directly from
image pixels. This method can be viewed as a greybox model, where both the reduced-order
coordinates (approximated by an autoencoder) and the dynamical system (approximated
by a CON) are learned using modern ML techniques. Crucially, this approach retains a
mechanical interpretation of both latent variables and their dynamics, enabling analysis of
the learned latent system’s properties (e.g., kinetic and potential energy). This insight can
then be leveraged for model-based control within the latent space.
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11

LEARNING LATENT DYNAMICS
WITH ISS CouPLED OSCILLATOR
NETWORKS

Foreword. In Chapter 10, we presented a data-driven approach for learning strain models
for continuum soft robots that exhibits full white-box interpretability of the identified
kinematic parametrization and the physics-based dynamics. However, the kinematic and
dynamical behavior of certain more complex robots, such as non-slender soft robots or
soft robots exhibiting nonlinear stiffness, varying cross-sections, and hysteresis, cannot be
captured by the proposed strain-based approach that builds on the Cosserat rod theory.
Furthermore, we sometimes cannot easily extract low-dimensional state information and
instead only have access to high-dimensional observation in the form of images or depth
measurements. As a solution, we leverage in this chapter Coupled Oscillator Network
(CON) for learning latent dynamics of physical systems directly from image observations.
The CON network, as introduced in Section 11.2, consists of harmonic oscillators that
are coupled by a potential energy. As described in Section 11.4, we utilize a VAE-based
autoencoder to encode the pixels into latent space. Interestingly, this setup now allows us
to assign a mechanical interpretation to the latent encoding of the image, as each latent
variable corresponds to the position of a harmonic oscillator. Furthermore, we can learn the
potential energy of the system in such a way that strong stability guarantees for the latent
dynamics are automatically incorporated. In particular, we can, for example, guarantee
Global Asymptotic Stability (GAS) for the unactuated system and Input-to-State Stability
(ISS) for the actuated system. Finally, we exploit in Section 11.5 the physical structure
of the CON dynamics for closed-form model-based control with P-satl-D+Feedforward
controllers, as already seen previously in Chapters 6 & 10.
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Abstract. Even though a variety of methods have been proposed in the literature, efficient
and effective latent-space control (i.e., control in a learned low-dimensional space) of physical
systems remains an open challenge. We argue that a promising avenue is to leverage powerful
and well-understood closed-form strategies from control theory literature in combination with
learned dynamics, such as potential-energy shaping. We identify three fundamental shortcom-
ings in existing latent-space models that have so far prevented this powerful combination: (i)
they lack the mathematical structure of a physical system, (ii) they do not inherently conserve
the stability properties of the real systems, (iii) these methods do not have an invertible map-
ping between input and latent-space forcing. This work proposes a novel Coupled Oscillator
Network (CON) model that simultaneously tackles all these issues. More specifically, (i) we
show analytically that CON is a Lagrangian system - i.e., it possesses well-defined potential
and kinetic energy terms. Then, (ii) we provide formal proof of global Input-to-State stability
using Lyapunov arguments. Moving to the experimental side, we demonstrate that CON
reaches SOTA performance when learning complex nonlinear dynamics of mechanical systems
directly from images. An additional methodological innovation contributing to achieving
this third goal is an approximated closed-form solution for efficient integration of network
dynamics, which eases efficient training. We tackle (iii) by approximating the forcing-to-input
mapping with a decoder that is trained to reconstruct the input based on the encoded latent
space force. Finally, we leverage these three properties and show that they enable latent-space
control. We use an integral-saturated PID with potential force compensation and demonstrate
high-quality performance on a soft robot using raw pixels as the only feedback information.

This chapter is partly based on [2) ¥ M. Stélzle, and C. Della Santina (2024). Input-to-State Stable Coupled Oscillator
Networks for Closed-form Model-based Control in Latent Space. In Proceedings of Advances in Neural Information
Processing Systems (NeurIPS) 37, Accepted as a Spotlight paper (Stolzle and Della Santina, 2024).

M.S. and C.D.S. conceived the project, developed the formulation of the coupled oscillator network, and derived the
stability proof. M.S. devised the closed-form approximation to the CON dynamics, came up with the model-based
control approach, and implemented the training and control pipeline. M.S. planned and conducted all experiments
and wrote the manuscript. C.D.S. revised the manuscript, provided funding, and supervised the project.
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11.1 INTRODUCTION

L Earning how the environment evolves around us from high-dimensional observations
(i-e., world models (Ha and Schmidhuber, 2018)) is essential for achieving both artificial
and physical intelligence (Hafner et al., 2023). For example, world models are required
for effectively planning an artificial/robotic agent’s actions in complex and unstructured
environments (Matsuo et al., 2022). However, learning such dynamics directly in high-
dimensional observation space is usually intractable. Seminal works have shown that we
can leverage autoencoders to compress the state information into a low-dimensional latent
space (Kingma and Welling, 2014; Liou et al., 2014) in which it is much more feasible to
learn the dynamics (Champion et al., 2019; Lenz et al., 2015; Wahlstrom et al., 2015; Watter
et al.,, 2015; Zhong and Leonard, 2020). However, strong limitations still persist when it
comes to using these learned models to generate low-level intelligence.

One outstanding challenge is how to perform closed-loop control in the learned latent
space - i.e., how to generate control inputs based on a high dimensional sensory input
such that a desired movement is generated. Prior works have explored, among other
approaches, RL (Gelada et al., 2019; Hafner et al., 2019a; Schwarting et al., 2021; Van Hoof
et al., 2016), MPC (Alora et al., 2023b; Hafner et al., 2019b; Hewing et al., 2020; Lenz et al.,
2015), LQRs (Brunton et al.,, 2016; Haggerty et al., 2023; Mamakoukas et al., 2019) and
gradient-based optimization (Yamada et al., 2023) for planning and control towards a target
evolution that is given in observation space. However, all existing latent-space control
strategies have shortcomings, such as a limited planning horizon and slow control rates
(MPC and gradient-based approaches), sample inefficiency (RL), or they pose a requirement
for learning linear dynamics (Watter et al., 2015) (LQR), which is not even possible for
systems that are inherently non-linearizable (Cenedese et al., 2022). One interesting avenue
is to leverage model-based control approaches, such as potential shaping (Bloch et al.,
2001; Ortega et al., 2021; Zhong and Leonard, 2020), for effective and computationally
efficient control in latent space (Lepri et al., 2023). For these techniques to be feasible, the
dynamical model needs to fulfill four characteristics: (i) the dynamics need to have the
mathematical structure of physical systems, (ii) conserve the stability properties of real
systems, (iii) the latent state needs to be relatively low-dimensional, and (iv) there needs
to exist a well-defined, invertible mapping between the input and the forcing in latent
space. However, existing model structures that are used for learning latent dynamics (Botev
et al., 2021) do not meet all of these criteria. Relevant examples are MLPs, NODEs (Chen
et al., 2018; Sholokhov et al., 2023), many variants of RNNs (e.g., LSTMs (Hochreiter
and Schmidhuber, 1997), GRUs (Cho et al., 2014; Roth et al., 2025), etc.), and physics-
informed neural networks (e.g., LNNs (Cranmer et al., 2020; Lutter et al., 2019; Zhong and
Leonard, 2020), HNNs (Greydanus et al., 2019)). For example, MLPs do not have a physical
interpretation and do not provide an invertible mapping of the forcing generated by the
input, NODE:s are usually not easily stabilizable (White et al., 2023), most RNNs require
a relatively high-dimensional latent space (i.e., many hidden states), and energy-shaping
control approaches based on LNNs (Zhong and Leonard, 2020) do not come with any formal
stability guarantees.

In recent years, oscillatory networks (Ceni et al., 2024; Lanthaler et al., 2024; Rusch
and Mishra, 2020, 2021; Rusch and Rus, 2024) have been shown to exhibit state-of-the-
art performance on time sequence modeling tasks while being parameter-efficient, thus
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fulfilling our requirement (iii). Consequently, we believe that they are a promising option
for control-oriented dynamics learning in latent space. Still, these models do not fulfill
the remaining requirements that we have listed above. Despite being an interpretable
combination of harmonic oscillators, they do not have the structure of a physical system -
i.e., they do not possess a well-defined energy function. Moreover, only local stability (Ceni
et al., 2024; Rusch and Mishra, 2020) has been shown, with sufficient conditions that appear
to be very stringent. Finally, in addition to training an encoder that maps inputs to latent-
space forcing, we propose also training a decoder that learns to reconstruct inputs based
on latent-space forcing. This enables us to easily switch between inputs and forcing, which
is essential when implementing control strategies.

We resolve all the above-mentioned challenges by proposing CONs, a new formulation
of a coupled oscillator network that is inherently Input-to-State Stability (ISS) stable, for
learning the dynamics of physical systems and subsequently exploiting its structure for
model-based control in latent space. The network consists of damped, harmonic oscillators
connected through elastic springs, damping elements, and a neuron-like coupling force
and can be excited by a nonlinear actuation term. We identify a transformation into a set
of coordinates from which we can derive the networks’ kinetic and potential energy. This
allows us to leverage Lyapunov arguments (Khalil, 2002) for proving the global asymptotic
stability of the unforced system and ISS stability for the forced system under relatively
mild assumptions on the network parameters. Even though we constrain the dynamics to a
very specific structure, we demonstrate (a) the CON network achieves similar performance
as NODEs when learning the dynamics of unactuated, mechanical systems with two orders
of magnitude fewer parameters and (b) that the proposed model achieves, for the complex
task of learning the actuated, highly nonlinear dynamics of continuum soft robots (Alora
et al., 2023a; Stolzle and Della Santina, 2021) directly from pixels, a 60 % lower prediction
error than coRNN (Rusch and Mishra, 2020) and reaches the SoA performance across
all techniques that we tested. Finally, we show some initial results that the proposed
CON model is also able to learn the latent dynamics of PDEs, in this case containing
reaction-diffusion (Champion et al., 2019; Epstein and Xu, 2016) dynamics.

Subsequently, we derive an approximate closed-form solution, that is, in parameter
regimes in which the linear, decoupled dynamics dominate transient, more accurate than
numerical integrators with comparable computational requirements and which increases
training speed by 2x with a small decrease in prediction accuracy. Finally, as we can derive
the system’s potential energy, we can leverage potential shaping (Bloch et al., 2001; Ortega
et al.,, 2021) to derive a controller that combines an integral-saturated PID controller with a
feedforward term compensating potential forces. As the feedback acts on a well-shaped
potential field, tuning the feedback gains becomes very simple and out-of-the-box, and the
controller exhibits a faster response time and a 26 % lower trajectory tracking RMSE than a
pure feedback controller based on a latent NODE (Chen et al., 2018) model.

The proposed methodology is particularly well-suited for learning the latent dynamics
of mechanical systems with continuous dynamics, dissipation, and a single, attractive
equilibrium point. Examples of such systems include many soft robots, deformable objects
with dominant elastic behavior, Lagrangian systems immersed in a dominant potential
field, or locally other mechanical systems such as robotic manipulators, legged robots,
etc. For these systems, we can fully leverage the structural prior of the proposed latent
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dynamics, including the integrated stability guarantees. If the system is actuated, the
learned dynamics can be subsequently exploited for model-based control, as demonstrated
in Sec. 11.5.

The code associated with this chapter is available on GitHub!. Furthermore, we provide
more details about the experimental setup and present additional results in Appendix B.

11.2 INPUT-TO-STATE STABLE (ISS) COUPLED OSCILLATOR
NETWORKS (CONSs)

11.2.1 FORMULATION
The integral component to (coupled) oscillatory RNNs (Ceni et al., 2024; Lanthaler et al.,
2024; Rusch and Mishra, 2020, 2021) are one-dimensional, potentially damped, harmonic

oscillators, which are described by their state y; = [xi )'ci] ! € R?, where x; and x; are the
position and velocity of the oscillator, respectively. Then, the oscillator’s dynamics are
defined by the following EOM

m; 5c'i(t)+d,-5ci(t)+1<ix,»(t) :Fi(t), with m;, k;, d; eR". (11.1)

Here, m; is the mass, k; is the stiffness, and d; is the damping coefficient of the damped
harmonic oscillator. F;(t) € R is a (possibly time-dependent) external forcing term acting
on the mass.

Even though the state is extremely low dimensional and the number of parameters is
small, this single, damped harmonic oscillator can already exhibit a variety of (designable)

behaviors: The expressions wn; = ,[7- and § = let us determine the natural fre-

quency and the damping factor, respectively and allow us to design the transient behavior.
For example, wy; lets us isolate a spectrum of the input signal F;(¢) (Ceni et al., 2024) and
{; determines the damping regime: underdamped (w,; < 1), critically damped (wn; = 1),
overdamped (wp; > 1). Furthermore, as (damped) harmonic oscillators are omnipresent in
nature (and especially in physical systems), they have been intensively studied and are well
understood (e.g., characteristics, closed-form solutions, etc.). In this work, we will exploit
some of these properties and knowledge to learn stable (latent) dynamics efficiently.

By intercoupling damped harmonic oscillators, we can drastically increase the expres-
siveness of the dynamical system (Ceni et al., 2024; Lanthaler et al., 2024; Rusch and Mishra,
2020) while preserving some of the intuition and understanding we have for these systems.
In this work, we propose a ISS-stable CON consisting of n damped harmonic oscillators
that are coupled through both linear and nonlinear terms. The networks’ state is defined

asy=[x" %] " € R?" and its dynamics can be formulated as a 2"-order ODE

x(t)

dx
Y(t):[%}:f(y(t)’“(t)): g(u(t)) — Kx(t) - D5() —tanh(Wx(D) + )| > (112

where K,D € R™" are the linear stiffness and damping matrices, respectively. The neuron-
inspired term tanh(W x(t)+ b) with W € R™", b € R" provides nonlinear coupling between
the harmonic oscillators. The network is excited by the time-dependent input u(t) € R™

Thttps://edu.nl/yudvw
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Figure 11.1: The proposed Coupled Oscillator Network (CON) network consists of n damped harmonic oscillators
that are coupled through the neuron-like connection tanh(Wx + b) and the non-diagonal stiffness K — k and
damping coefficients D — d, respectively. The state of the network is captured by the positions x(t) and velocities
x(¢) of the oscillators. The time-dependent input is mapped through the (possibly nonlinear) function g(u) to a
forcing 7 acting on the oscillators.

through the possibly nonlinear mapping g : R™ — R". Specifically, we consider in this
work a formulation where an input-dependent matrix B(u) € R™™ projects the input u(t)
to a time-dependent forcing on the oscillators: 7 = g(u) = B(u) u. Here, B(u) could, for
example, be parametrized by a MLP.

We specifically designed the network architecture such that (i) the system exhibits
a unique and isolated equilibrium and (ii) we can derive expressions for the kinetic and
potential energies. These two features allow us to (a) prove GAS and ISS stability using an
established procedure based on strict Lyapunov arguments (Calzolari et al., 2020; Wu et al.,
2022), and (b) implement model-based controller based on potential shaping.

11.2.2 POTENTIAL ENERGY AND DERIVATION OF EQUILIBRIA

One key insight of this work is that in the coordinates x(t),x(t), we cannot derive a
potential as the hyperbolic force tanh(Wx(t) + b) is not symmetric. Therefore, we propose
xw()| _ [Wx(t)

fo()| = W) € R?". The
coordinate transformation is valid if its Jacobian is full-rank, which is the case if rank(W) =
n. In W-coordinates, the dynamics can be rewritten as

a coordinate transformation into W-coordinates: yy(t) =

. o (1)
Jul(t) = [djév] = DU = | 1 (g(u(1)) - K1) — Dy s (1) — tanh i (1) + b))

(11.3)
with Ky, =KW, Dy, =D W and My, = WL,
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A difference of this formulation compared to prior work (Ceni et al., 2024; Lanthaler
et al., 2024; Rusch and Mishra, 2020, 2021) is that (i) the forcing produced by the input
term 7 = g(u) is fully separated from the forcing produced by the elastic coupling terms
Ky, and (ii) the generalized force is symmetric as stated in Lemma 2, allowing us to define
a potential energy expression, which we can later on leverage for stability analysis and
control.

Lemma 2. Let Xy, € R" be generalized coordinates and %y,b € R" constants. Then, the
potential force of system (11.10)

frr, G) = Koy (Fg + %) + tanh(xy + % + b)), (11.4)

stems from the potential
n KXw,i n Xw,i
NEHEDY / tanh(%y, + o+ b)do— Y. / tanh(%y; + b))do €R.  (11.5)
=170 i=1 0

Proof. First, we take the derivative of U'(%y):
Vy

o= w(Fy + ) + tanh(Fy + Xy + b) = fur,. (11.6)
X

The Hessian of the potential is given by

aZUW anw 2 ~. nxn
W = aféw = KW + Ssech(xw) € ]R . (117)

HU‘W (iw) =

As Ky, > 0 = Ky, = K, we can easily show that the potential force is symmetric:
Hy. =Ky + Sy (%) = Ky + Shc (%) = Hys,,. (11.8)
O
The equilibria jy, = [i;r, OT] " € R?" of the unforced network are given by the roots
of the characteristic equation tanh(%y + b) + Ky %y = 0.
Lemma 3. Let Ky, > 0. Then, the dynamics defined in (11.3) have a single, isolated equilibrium
o [ P OT] T
Yw w .
Proof. We regard the characteristic equation as a function: heq(xw) = tanh(x + b) + Ky Xy

For there to exist multiple equilibria, heq(%w) = 0 would need to be true for multiple x.
However, we take the partial derivative of heq(xw) W.I.t. Xy and see that

h
4= Ky + S2 () >0, Vxy €R" with Sgech(w) = diag(sech(xy + b)) € R™"

Xy
(11.9)
as Sgech(Xw) > 0 Vxy, € R™ and Ky, > 0. Therefore, heq(xy) is continuously increasing and
can only cross the zero line once. O

Next, we introduce a mapping into the tilde coordinates ji = yw — . The residual
dynamics (w.r.t. the equilibrium jy,) can now be stated as

Xw(t)
g(u(t)) — Ky (Fy + % (1)) — Dy X (t) — tanh(Fy + X (1) + b))
(11.10)

);)w(t) = fw(y: u) = M- (
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Figure 11.2: lllustration of global asymptotic stability for the unforced system with g(u) = 0 and input-to-state
stability for the forced system, where the black dashed line denotes the input u(t).

11.2.3 GLOBAL ASYMPTOTIC STABILITY (GAS) FOR THE UNFORCED

SYSTEM
We first consider the unforced system with 7 = g(u) = 0, Vt € [f, t.) and strive to prove
global asymptotic stability (Khalil, 2002) for the attractor x. For this, we need to first
identify a valid (strict) Lyapunov function and subsequently demonstrate that, except at
the global equilibrium, the time derivative of the Lyapunov function is negative definite.

STRICT LYAPUNOV CANDIDATE
We propose a strict Lyapunov candidate with skewed level sets (Wu et al., 2022)

V() = = yWvaW+Z/ tanh(%y; + o + b;)do — Z/ tanh(%y,; + b;)do,

7waVyW+Z lcosh(%y ; + X, + b;) — lcosh(xw,+b)—tanh(xw,+b)xw,)
i=1
Ky pMy

with Py = [,LlMg M, } € R?™2n, Icosh(-) = log(cosh(-)), and p>0.

(11.11)

In the following, we will write |A| to denote the induced norm of matrix A and A,,(A),
AMm(A) to refer to its minimum and maximum eigenvalue respectively. The gradient of
V,(Jw) w.rt. the residual coordinate jy, is given by

tanh(%y + Xw + b)

o (11.12)

v, . .
ﬁ(:))w) =Pyyy+

[tanh(xW + b)
0 n

Next, the Hessian of the Lyapunov candidate can be derived as

*Vy  [Ky+S% () pM
Ho(% — H — W sech \*W W G]RanZn’ 11.13
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where
Ssech(Xw) = diag(sech(%y + %w + b)) e R¥" >0 Vi, € R". (11.14)

Furthermore, the Schur complement of Py is given by
Spy = My, — 11> My, Ky My (11.15)

Below, we will first introduce three auxiliary Lemmas and subsequently proof Lemma 7
that states that (11.11) is a valid Lyapunov candidate.

m W m W .
Lemma 4. Suppose My, > 0,Ky, >0 and 0 < p < 7W := piy. Then Sp,, as defined
in (11.15), is positive definite.

Proof. The minimum eigenvalue of Sp, is bounded by

Am(SPV) > Am(MW) - Hz ”MvT; Ky MW"’

My |2 (11.16)
> An(My) — 11
2 M) =403 )
Based on the assumption My, > 0,Ky, > 0, we can state ALA&‘,[) > 0. Therefore, the critical
: m W m W .
case for the lower bound on A, (Sp,) is pt = 7W := uy. Hence,

An(Mo) A (K IMP
I Au(K)

Am(Spy) > Am(My,) — (11.17)

Consequently, the eigenvalue sensitivity theorem (Golub and Van Loan, 2013) demands
that Sp, > 0. O

VAmMw ) Am(Bw) | .

Lemma 5. Let My, > 0,Ky >0, and 0 < pu < % := py. Then, it follows that
Py >0 and Hv(JZ‘W) >0 Vxy €R™

Proof. By inspecting the expressions for Py > 0 and Hy (%) > 0¥Xy, € R" in Equations (11.11)

and (11.13), respectively, it can be easily seen that Hy(%y) = Py V& € R. As Lemma 4 states
that the Schur complement of Py is positive definite, it follows that Hy(%y) > Py > 0. O

Lemma 6. Suppose Xy, %w,b € R" and n € N*. Then,

CHEDY / " tanh(zy,+ 0 + b)do— Y / " tanh(zwi+b)do (1118)
i=1J0 0

i=1
is a positive semi-definite function.
Proof. Proving hy (%) 2> 0 is equivalent to showing that the scalar function ivlv,th(r) =
for tanh(o + a)do — fortanh(a) do > 0Vr,a€R, where we set r = %y,; and a = Xy,; + b;.

We strive to find the critical points (i.e., minimas and maximas) 7 of ilv)th(r) and, for
this, analyze where the first derivative of hy 4, (r) is zero

aflv,th
ar

(7) = tanh(7 + a) — tanh(a) = 0, (11.19)
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which is the case only for 7 = 0. Next, we compute the second derivative at 7 as

aflv,th

o () =sech’(P) =1. (11.20)

Thus, fvzv,th(r) is convex and its global minimum at 7 = 0 takes the value hy,(0) =0. As a
result, hy (%) is also positive semi-definite. O

Lemma 7. The scalar function V,(j) defined in (11.11) is continuously differentiable and
verifies the condition V,(0) = 0. Furthermore, let My, Ky, > 0. Now, if we choose 0 < ji <

7W := py, then V(i) > 0V i, € R?"\{0}. Additionally, then V,,(3) is radially

unbounded as | Jw| — 00 = V,(Jy) = o0.

Proof. Step 1: It can be easily seen that V,(j) in (11.11) is smooth and continuously
differentiable.
Step 2: Proof that V,(0) = 0.

n 0 n 0
V,(0)=0+ Z/O tanh(Jy, + o +b)do— Y. /0 tanh(§; + b;)do = 0. (11.21)
i=1 i=1

Step 3: Proof that the Lyapunov candidate is positive definite; i.e., V,(Jw) > 0 Vi €
R™\{0}.
As the gradient of the Lyapunov candidate, as defined in (11.12), is zero for j, = 0:

tanh(%y + b)

v,
—(0)= =0, 11.22
5O [ o (11.22)

B [tanh(iw +b)
On

Jw = 0 is a critical point of V,(j). According to Lemma 5, the Hessian in (11.13) is
positive-definite (Boyd and Vandenberghe, 2004): Hy(Jy) > 0 Vjy € R?". With that, (11.11)
is convex and its global minimum is at j, = 0, where V,,(0) = 0. In summary, we state
Vu(Pw) > 0 Vi, € R"N\{0}.

Step 4: Proof that the Lyapunov candidate is radially unbounded: i.e., || — 00 =
V,(Jw) — oo. Lemma 6 is exploited for identifying a lower bound on V,(jw):

1 n J~Cw,i n sz,i
V() = 3 Ju Py P + Z/ tanh(%y;+ o + b;)do — Z / tanh(%y,; + b;)do,
i=1 70 i=1 70

1. . 1 N
25Y$PVJ/W > E/lm(PV)”ywuz-
(11.23)

Lemma 5 tells us that Py > 0 and with that A,,(Py) > 0. Therefore, if || — oo, it also
follows that V,,(§w) — 0. O

PROOF OF GLOBAL ASYMPTOTIC STABILITY

In the following, we will demonstrate how the strict Lyapunov candidate of (11.11) allows us
to prove Global Asymptotic Stability (GAS) of the unforced system. We will first introduce
two auxiliary Lemmas before stating Theorem 2.
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Lemma 8. Suppose Xy, %w,b € R" and n € N*. Then, the function hy (%) defined as
hy 4(%w) = (tanh(Zy + Xw + b) — tanh(% + b)) Fy, (11.24)
is positive semi-definite.

Proof. Proving hy ; (%w) > 0 is equivalent to proving that the scalar function ;lv,th(r) =
(tanh(r+ a) —tanh(a)) r > 0 Vr,a € R, where we set r = Xy; and a = %y; + b;. Now, we
expand the hyperbolic tangent:

hy n(r) = (tanh(r + a) — tanh(a)) r = (62(r+a) +1 et
2 eza (le _ 1)

62r+4a + le+2a + eZa +1

62(r+a) -1 e2a_1 )

(11.25)

= Y,

as the denominator e 44 4 ¢27*20 4 ¢24 41 > 0 ¥ r € R and as sign (2 e (le - 1)) =sign(r).
For example, €2 —1> 0V r > 0. Analog, ¢’ —1<0Vr <0. O

Lemma 9. Let My, > 0, Ky > 0, and Dy, > 0. Also, let u € R* be chosen such that 0 < pu <
HKw %IJDW

Am(Dw) . ; _ n; s ;
o = k. Then, the matrix Py, = |{ & € R” is positive definite.
Ay g2l Y V= |1uD], Dy —pMy

Proof. The Schur complement of Py, is given by
1 _
Sp, = Dw—pMy =7 D KJ' Dy (11.26)

The lower bound on the smallest eigenvalue of Sp, can be identified as

|Dw[?
Am (SPV) Zﬂm(Dw)—ﬂflm(Mw)—ﬂm- (11.27)
As Ky,Dy, > 0, we know that AHmD(VIVJz) > 0. Therefore, the case y = W =y
determines the lower bound on Am(SpV):
Am (Sp.) > An(Dw) — I Am(Mw)—M =0. (11.28)
v v 4Am(Ky)

We conclude, based on the eigenvalue sensitivity theorem of symmetric matrices (Golub
and Van Loan, 2013), that S P, > 0 and with that P}, > 0 (Boyd and Vandenberghe, 2004). [J

Theorem 2. Let My, Ky, and Dy, be positive definite and suppose the system be unforced:
g(u(t)) = 0. Then, Jy = 0 is globally asymptotically stable for the system dynamics defined
(11.10) such that V,(w) <0, Vi € R¥*\{0}.

Proof. First, we show that yy, = 0 is an equilibrium of (11.10):

) 0
fw(0,0) = MG (—Ky %y — tanh(%y, + b))

0 0
- [M“_zl (—Ky % + Ky %) | — [0] (11.29)
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Lemma 7 states that we can always choose y such that (11.11) is strict Lyapunov
function (e.g., Lipschitz continuous, zero-valued at yy, = 0, positive definite, and radially
unbounded) (Khalil, 2002; Wu et al., 2022). We now evaluate the time-derivative of V,J(j/w)
in the case of an unforced system (i.e., g(u(t)) = 0):

. v, . ov, -~ . . ~ . ~ B
Vu(Gw) = ﬁ P = 84 Fo(Pw) = F, Py Yy + (tanh(Fy, + Xy + b) — tanh(Fy + b)) " %y

- | HKy %,qu

Ve %,uD‘I, De— My 37W—,u(tanh(fw+fw+b)T+5f‘I,Kw)iw,

Py

=—Ju Py Jw — p (tanh(Zy, + Xy, + b) — tanh(Zy, + b)) Zy,
< —Ju Py w < —Am (Py) 19wl3,
(11.30)

where we exploited the force balance at equilibrium Ky, % = —tanh(%y + b) and Lemma 8
for defining the upper bound on V,(j4). Lemma 9 states that P, > 0 for 0 < p < yi;.
Similarly, Lemma 7 requests that 0 < u < py. Indeed, both conditions can always be fulfilled
by choosing i € (O, min{,uv,yv}). With Py >0 e A (PV) > 0 (Golub and Van Loan, 2013),
we can state that V,(Ji) < 0V Ji € R\ {0} and conclude that the unforced system is
globally asymptotically stable around jy, = 0. O

11.2.4 GLOBAL INPUT-TO-STATE STABILITY (ISS) FOR THE FORCED SYS-
TEM

We now take the forcing g(u) into account again and demonstrate that the system states

remain proportionally bounded to the initial conditions and as a function of the supremum

of the input forcing. In the following, we will first state two auxiliary Lemmas and

subsequently prove Theorem 3 to provides the conditions for ISS.

Lemma 10. Let Xy, Xw, b € R™. Then,
n Xw,i n Xw,i
hvn(Fw) =Y / tanh(fy, + 0+ b)do— ). / tanh(%y; + b)) do < 2 |%,|. (11.31)
i=1 70 i=1 /0

Proof. Proving hy (%) < 2 |%w| is equivalent to proving that the scalar function fzv,th(r) =
fortanh(a +a)do — /Ortanh(a) do <2|r| Vr,a € R, where we set r = Xy,; and a = Xy ; + b;.

We perform the integration contained in flv,th( r):

l;v,th(r) = /Or tanh(o + a)do — /Or tanh(a)do,
ﬁvyth(r) = log(cosh(r + a)) —log(cosh(a)) — tanh(a) r.

(11.32)

Next, we demonstrate that the slope of 2|r| is always larger than the magnitude of the
slope of hy m(r):

ohy
ar

= |tanh(r + @) —tanh(a)| < 2 = % @21r). (11.33)
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Additionally, hy,(0) = 2|0] = 0. We conclude that iy (r) < 2|r|V r € R and with that,
hy i (Fw) < 2 | %y | ¥ %y €R™ -

Lemma 11. Let My, > 0 and Ky, > 0. Then, (11.11) is bounded by the two scalar, class
Ko functions ay(r) = 3 An(Py) r* and ay(r) = 3 Am(Py) r? + 2 Jnr: ar(|5wl3) < V() <
(17w 3.

Proof. With Lemma 7, we already showed that V,(j) is a Lyapunov candidate. Now, we
additionally also verify the conditions for ISS-Lyapunov candidates (Khalil, 2002).

Step 1: Establishing bounds on V().
We first identify the lower bound of V,(ji) by leveraging Lemma 6:

1
V() = 5 — Ju Py P + Z/ tanh(%y,; + o+ b;)do — Z/ tanh(xy,; + b;) do,

1. . .
=3 P PV Jw + hy i (Fw),

1. . 1 . .
25y$vaw > - Am(Pv) 17wl = ar(IFwla)-
(11.34)

Similarly, we derive an upper bound for V,,(j) exploiting Lemma 10.

V(yw)—nyvaW—i-Z/ tanh(xy,; + 0+ b;)do — Z/ tanh(%y,; + b;)do

<5 a(P) 7wl + 205w < > ani(P) |7l +2 V1%l

1 X N .
<2 A(Py) 15l +2 Valgwls = a2l Fwl2).
(11.35)

Step 2: Proof that a;(r), @,(r) belong to class K.
According to Lemma 5, Py > 0 and with that A,,(Py) > 0. First, we analyze the behavior
of a1(r): as it is strictly increasing and «;(0) = 0, it belongs to class K. Furthermore, we
can evaluate lim,_, a;(r) = co. Therefore, a;(r) € Ko (Khalil, 2002). a»(r) is also strictly
increasing for r € [0,00), a2(0) = 0, and it is radially unbounded as lim;, o a2(r) = 0. For
that reason, a»(r) € Ko as well. O

Theorem 3. Suppose My, Ky, Dy, > 0,0 < 6 < 1, and that we choose 0 < pp < min{y, jt;}}.
Then, (11.10) is globally Input-to-State Stable (ISS) such that the solution yy(t) verifies

to<t'<t

||)7w|2Sﬁ("f’w(to)”z,t—to)"‘}’( sup ||g(u(t’))||z>, Vit (11.36)

1+p?) A 2440 Jn J1+p2 A (P
where f(r,t) e KL, y(r) = \/( +) M(sz);thv)\gn(PV;u () ek.
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Proof. Step 1: Bounds on ISS-Lyapunov candidate.
Lemma 11 provides the Ko functions a;(r) = %Am(PV) r? and ay(r) = %AM(PV) rP+2nr
such that @ (I5wl3) < V(i) < (7w}

Step 2: Minimum energy dissipation.
Let 0 < p < min{yy, jiy,}} as in the proof of Theorem 2. We compute the input-dependent
time-derivative of the ISS Lyapunov candidate. We do not repeat the derivations already
made as part of (11.30) (e.g., exploiting Lemmas 8 and 9).

Vu()}w, u(t)) = — )7;; Py jw — p (tanh(Xy, + %y + b) — tanh(%,, + b))’ o+ 37;'; ﬂgizz(tg) ’
i 1 [ g(u(t))
< = (Py) 19l + |9 | o) } .
<= (Py) 15wl + 5wl [Hgg((uiég)] 5

< = Am (Py) 19wl + N1+ 12 |Fwlzlg(u()le,
(11.37)

where we leveraged Holder’s inequality. We choose 6 such that 0 < 8 < 1. As a consequence,

J1+p2

0 Am (Py)

J1+p2
—r.
0 2m (Py)
Lemma 9 shows that A, (PV) > 0. Therefore, a3(r) is a continuous positive function.

Furthermore, as u > 0, p(r) is a strictly increasing for r € [0,00). Additionally with p(0) =0
verified, it can be stated that p(r) belongs to class K (Khalil, 2002). We conclude that

VG u(®) < —as (I3wl3),  Vlgwlz > pUgu(®)l) > o. (11.40)

Step 3: Conclusions.
As a result of Steps 1 and 2, the system is input-to-state stable, and with that, the
solution y; satisfies (Khalil, 2002)

V(G u(0)) S =(1=0) Am (Py) 9wl VIiwlz 2 lg(u(®)l2 > 0. (11.38)

We define

as(r)=(1-0)An (Py) r*,  and p(r) = (11.39)

I9wlz < BUPw(to)lz, £ —t0) +y < sup IIg(u(t’))||2>, (11.41)

to<t'<t

with

A+ p)Am@Py)r2+40 yn J14+p2 An(Py) r

67 2 (P0) 22,(Py) (11.42)

y(r):afloazop(r)=\/

Indeed, based on Theorem 2 and the associated proof, we can easily verify that y(r) is
strictly increasing for r € [0,00) and that y(0) = 0. As a consequence, y(r) € K (Khalil,
2002). O
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11.3 AN APPROXIMATE CLOSED-FORM SOLUTION TO THE

CON DynamMmiIcs

11.3.1 APPROACH

To predict future system states, we need to integrate the ODE in Eq. (11.2), with the solution
given by y(ti41) = yi, + tktk“ F(y(t"),u(t’))dt’. Unfortunately, a closed-form solution for
the nonlinear dynamics f(y,u) does not (yet) exist. Therefore, we traditionally need to
revert to (high-order) numerical ODE solvers that are computationally very expensive and
introduce additional memory overhead (Kidger, 2021). This considerably increases the
training time of models involving such continuous-time dynamics. While the computational
time can be reduced by increasing the (minimum) time step of the integrator, this comes
at the expense of an integration error, and we lose (part of) the theoretical guarantees
and practical characteristics that the nominal ODE provides. In this work, we take an
alternative approach by splitting the problem into (i) decoupled linear dynamics that can be
cheaply and precisely integrated using a closed-form solution and (ii) the residual, coupled
nonlinear dynamics, which we integrate numerically at a slower time scale:

X(t) = F—xkx(t)—dx(t) + g(u(t) — (K — k)x(t) — (D — d) x(t) —tanh(Wx(t) + b)
—_———
fi1a(y): decoupled, linear dynamics fn1d(y,u): coupled, nonlinear dynamics
(11.43)

where k = diag(Kis ... Kyn), d = (D11 ... Dpp) are the diagonal components of the stiffness
and damping matrices, respectively, and F € R” is a constant, external forcing term on the
oscillators.

For a short-time-interval §¢, we now approximate (11.43) as

#(tp+0t) = fe1a(y(te + 61), F(ty)) with F(t) = — fena(y(te), u(ti)). (11.44)

For a scalar 2™-order, linear ODE of the form y; = Aai(x(t), F(t)), a well-known, closed-
form solution (Pas, 2023) exists. We exploit this characteristic by formulating the approxi-
mate solution as

te+ot
y(tx+8t) = fora-con(y(t), u(tx)) = y(ti) + / fu(y(@), F(t)dt’ (11.45)
173
and denote fcra—con : R"xR™ — R" as the Closed-Form Approximation of CON (CFA-
CON) model. The implicit assumption behind (11.44) is that f;1a(y) > fema(y, ) (i-e., the
linear, decoupled dynamics dominate the nonlinear, coupled, time-varying dynamics).

11.3.2 CLOSED-FORM SOLUTION TO A FORCED HARMONIC OSCILLATOR
As introduced in (11.1), we consider the linear dynamics of a 1D forced harmonic oscillator
with state y; = [xi J'Ci] e R?

dx; 5
X %

J./i = [%] = ﬁd,i(yisFi) = [E‘(t)—lcixi(l’)—dif(i(t) s (11.46)
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where F;(t) € R is the externally applied force acting on the oscillator.
The characteristic equation for the unforced dynamics (i.e., Fi(t) = 0) can be stated
as (Pas, 2023)

A+2 i+ a)IzU» =0, with the solutions A; 2 = = wn i £ @n; + Igz -1, (11.47)

where wn; = Jk; and §; =
ith homogeneous osc1llator respectlvely. This harmonic oscillator exhibits three regimes:
underdamped (; < 1), critically damped ({; = 1), and overdamped regime ({; > 1).

We approximate the forcing using the Heavyside function H(¢): F(t) = F(#) H(¢),
where F;(#;) is the constant external forcing as computed by (11.44). The solution for {; # 1
is given by (Pas, 2023)

%i(te1)

B (c1i cos(Bi 8t) + ¢z, sin(B; 1)) e 0 + %
%i(te+1) (

— (Ceris — c2,1B1) cos(B; 8t) + (c1,1Bi + o) sin(B; 5t)) et |
(11.48)
where 8t = tjy1 —tk, @ = {G oy, and fi = wp i1 — gvl-z. After enforcing the initial conditions
x;(t), xi(t), the integration constants

Viltisr) = [

. F;
F(t i)+ o (x(t) - ﬁ)
=t ), o) )
K AA;

can be identified with AA; = ;2 — A1 = —2f; j, where j is the imaginary value. While we
could derive the solution for the critically damped case d; < 2 \/k; separately, we instead ap-
sign(=2fij)e [2fijl<e
~2pij [2pijl = €

proximate it in our network dynamics with (11.48) by setting AA; = {

where € € Rt « 1 is a small, positive value.

11.3.3 ALGORITHMIC IMPLEMENTATION
We can now leverage the closed-form solution to the evolution of a single, decoupled
damped harmonic oscillator of (11.48) to solve the integral in (11.45)

Y(tk+1) = fera—con(y(te), u(te)),
x(tkﬂ)} N[ (c1 @ cos(B 1)+ ¢, Osin(f 51)) @ e @0t 4 L) (11.50)

(tr1)| |~ (@ a—cy 0 ) cos(f8t)+(c1 O f+c, © ) sin(f 51) © e~ 20|’
with
K=diag(K11...K,m), d=(D11...Dnn), Wn f év_ ?

F(tr) = g(u(ti)) — (K — 1) x(#x) — (D — d) %(i) — tanh (Wx(i) + b),

Ot = b1 — tes a={0wy, B =awn1-C2,
11 F(ty) 1 F(ty)
o =x(t) - —2, o= (x(tk)+a® (x(t )— k)) :
K B
We summarize the approach of integrating/rolling out the CFA-CON dynamics in Algo-
rithm 3.

(11.51)
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Algorithm 3 Rollout of CFA-CON.
Inputs: initial state y(ty), input sequence {u(tp),... u(ty),... u(tn )}
Outputs: state sequence {y(tp),... y(t),... y(tn )}
1: k<0
2: while k <N do
3 (), %(tk)) < y(tx)
4 F(t) < g(u(te)) — (K —x) x(t) — (D — d) x(t) — tanh (Wx(tx) + b)
5: Wy, { — K, #‘IR > Compute the characteristics of the decoup. harm. oscillators.

6: a, < {O®wn, wnJ1— {2

7: e < x(t) — @ > Compute integration constants using initial conditions.
B e (x(tk)m@(x(tk)—@))

9: Ot = to1— > Set time step.
10: > Update state with approximated closed-form solution.

11: x(tgs1) < (c1 ©cos(f 8t) + ¢; O sin(f 51)) @ e %0t + %

12: %(tgs) < —((c1 O a—c; @) cos(f5t) + (¢ @ f+ ¢, © ) sin(f 51)) @ e~ ¥

13: k—k+1 > Update time index.
14: end while

11.3.4 APPROXIMATION BoUNDs FOR CFA-CON

Lemma 12 demonstrates how, for the particular case of no external input and linearly
decoupled oscillators (which we are always free to choose), we can establish bounds on
the approximation error when using the closed-form solution instead of the ground-truth
coupled oscillator dynamics.

Lemma 12. Suppose that the network is unforced with g(u(t)) = 0 and that K = diag(k1,..., kn),
D = diag(d;, ..., dy) such that the oscillators are not linearly coupled. Then, given any t >0,
and the initial state y(0) € R?", the error between the continuous dynamics %(t) of (11.2) and
the approximated dynamics %(t) in (11.44), is bounded by (1) —x(1)| < 2.

Proof. (11.2), (11.44) and F = — f; nja(y(0),0) give us

1%(6) = (D] = (feaa (1), 0) + fenna((£),0)) = freaa((1), F),
= —Kx(t) — Dx —tanh(Wx(t) + b) + Kx(t) + Dx + tanh( W x(0) + b),
=|—tanh(Wx(t) + b) +tanh(Wx(0)+ b)| < 2.
(11.52)

O

11.3.5 EMPIRICAL EVALUATION OF APPROXIMATION ERROR

In Table 11.1, we present a comparison of CFA-CON with several other strategies for
integrating nonlinear dynamics, such as CON. Following the implicit assumption made
in the concept for the closed-form approximation (i.e., Sec. 11.3.1), we consider the case
of g(w) =0, K = diag(xy,..., k) and D = diag(dy, ..., d,) but with the hyperbolic coupling
between the oscillators active (i.e., a full W matrix). Integrating the dynamics at a very
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small time step (i.e., 5t = 5x 10> s) with a high-order ODE solver would give us a very
accurate solution, but this is computationally infeasible in practice. We, therefore, regard
this as the upper bound on the accuracy of the solution. A feasible solution would be
to implement either a high-order solver such as Tsit5 at a larger integration time-step,
e.g., 5t =1x107! s) or a low-order solver with a slightly smaller integration time step,
e.g., 0t =5x 1072 s). Therefore, we also benchmark these options. We also benchmark an
implementation specialized on the underdamped case (i.e., {; < 1): Closed-Form Approxi-
mation of Underdamped CON (CFA-UDCON). This specialized implementation allows us
to avoid using complex numbers in the algorithm and reduces the number of computations
necessary for calculating the approximated solution. As a result, we see a considerable
increase in the sim-time to real-time factor.

1.00 044
0.75
0.50 021
E =
= 025 =S
= 5
g = 0.0
£ 0.00 g
3 2
S
& 095 : 5 ol
= CON ground-truth . ==  CON Tsits 6t = 5e — 05s
—0501 CON Euler 6t = 0.05s CON Euler dt = 0.05s
_0.754 —— CFA-CON 6t = 0.1s _044 —— CFA-CON 5t = 0.1
T T T T T T T T T T
0 10 20 30 40 0 10 20 30 40
Time [s] Time [s]

(a) Positions (b) Velocities

Figure 11.3: Analysis of approximation error of CFA-CON: we compare the ground-truth solution of a 40 s rollout
of the CON network consisting of three oscillators (n = 3) with the CFA-CON executed at a time step of 6 =0.1s
and a solution generated by integrating the ODE at a time step of ¢ = 0.05s with the Euler method.

INTEGRATION ERROR

We perform the integration error benchmark over 100 different network configurations,
all consisting of 50 oscillators (n = 50): First, we sample the natural frequency of the
ith oscillator from a uniform distribution as wy; ~ U°(0.05Hz,0.5Hz), then we sample
ki ~ U(0.2N/m,2N/m) such that K = diag(x1,..., k,) > 0, which lets us determine each
mass m; = . Next, the damping ratio is determined as §; ~ 1°(0.1,0.9) and §; ~ U'(0.1,2.0)

for the unde;damped and general case, respectively. As a result, D = diag(d,...,d,) > 0
with d; = 2 {; /m;x; given. Finally, by leveraging the Cholesky decomposition, we sample a
W > 0and b; ~ U'(—1,1). We compute the estimation error of all integrated trajectories with
respect to the high-precision solution (i.e., Tsitouras’ 5/4 method (Tsit5) at §t = 5x107* s).
For this, we compute the RMSE for each 60 s trajectory and then take the mean and standard
deviation across the 100 different network configurations.

SIMULATION-TIME TO REAL-TIME FACTOR
The simulation vs. real-time factor is computed as the simulated rollout duration per
second of computational time. For this, we let each method simulate a 60 s trajectory for
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100 times and record the minimum run time on an Intel Core i7-10870H CPU (single core)
over 10 trials. Because of computational constraints, we simulated the trajectory with the
high-precision Tsit5 solver only 5 times.

REsuULTS

We also provide qualitative results for the integration accuracy in Fig. 11.3 The results
in Table 11.1 show that CFA-CON is 30 % more accurate than the Euler integrator at half
of the speed. Comparing against the Tsit5 integrator, CFA-CON exhibits a 1.56x speed
increase while being significantly less accurate. For the underdamped case with { < 1,
the specialized implementation CFA-UDCON is 14.8 % faster and at the same time 32 %
more accurate than the Euler integrator. Furthermore, CFA-UDCON is 3.7x faster and
significantly less accurate than the Tsit5 integrator. We can conclude that in the pure
rollout setting (i.e., no backpropagation involved) for a generic CON, the CFA-CON does
not show clear advantages to an appropriately tuned Euler or Tsit5 solver. However, the
specialized version CFA-UDCON demonstrates a 2.4x speed-up at no reduction of accuracy
vs. CFA-CON for underdamped oscillator networks.

Method RMSE [m] | RMSE ¢ <1 [m] | Complexity | Sim. fime 4
i i l 7
?ﬁ?s?:’;tflff,‘fs wa wa o( = ) —O(35x10M) 5.68%
i i 1 7
CONWIRTSE  5x10521x10%  8x10°21x1075  O(nt 22k ) =01.8x10%) 11310x
i l
i%ljzv;tilﬁ)‘flfr 0.010+0.003 0.022+0.005 (9( °gz7") =0O(7.1x107) 36500x
= l
Wgﬁ%tcfll\]x(‘l’gfz 0.007 0.002 0.015+0.003 (9( °gz7h) = O(3.5%107) 17680x
- 1
giﬁ g?f?:ll(ooﬂrz n/a 0.015+0.003 o ( o827 ) =0(3.5%107) 41900x

Table 11.1: Benchmarking of various methods for integrating the CON dynamics. The RMSE is computed with
respect to the Tsitouras’ 5/4 method (Tsit5) (i.e., extremely high accuracy but also extremely high computational
complexity). We denote with n the number of oscillators in the network (in this case n = 50), with p the order of
the numerical ODE solver, and with §t the time-step. When stating the complexity, we refer to h = ty — ty as
the rollout horizon in seconds. In this case, we report the results for a horizon of h = 60s. The RMSE column
states the RMSE of the various integration strategies with respect to the CON with Tsit5 at §t = 5x 107> s solution,
which we consider to be the ground-truth. The RMSE { < 1 computes the same metrics, but this time for a dataset
that contains only underdamped oscillators. The lee':l ttizj column states the ratio between the duration of the
simulation achieved (in seconds) per second of real-time (i.e., computational time). We report the mean and
standard deviation of the RMSE over 100 different network configurations.

11.4 LEARNING CONTROL-ORIENTED LATENT DYNAMICS

FROM PIXELS
We now move towards learning latent dynamical models based on CON and CFA-CON.
CONss are an ideal fit for learning latent dynamics as they guarantee that the latent states
stay bounded.




238 11 LEARNING LATENT Dynamics WITH ISS COUPLED OSCILLATOR NETWORKS
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Figure 11.4: Exploiting CONS for learning latent dynamics from pixels: We encode the initial observation o(t,)
and the input u(t) into latent space where we leverage the CON to predict future latent states. Finally, we decode
both the latent-space torques () and the predicted latent states z(¢).

We assume to have access to observations in the form of images o € RhoxWoxco where Co
denotes the number of channels. Please note that this could also be other high-dimensional
observations such as LiDAR scans, point clouds, etc. We now leverage an encoder-decoder
architecture to map these high-dimensional observations into a compressed latent space:
The encoder @ : Ro*"o*¢ — R"= with n, < hy w, identifies a low-dimensional latent repre-
sentation z € R™ of the images. The decoder ¥ : R" — R/*¥oX% approximates the inverse
operation by reconstructing an image 6 € R"**o*% based on the latent representation. To
promote the learning of a smooth and monotonic mapping into latent space, we specifically
choose to implement the autoencoder here as a f-VAE (Higgins et al., 2017; Kingma and
Welling, 2014). Instead of just statically reconstructing the image 6(tx), we are interested
in predicting future observations 6(ty;), where [ € 1...N. For this, we train a 27d_order
dynamical model that is, when integrated, able to predict future latent representations
Z(tg+1)- This requires us to define a latent state £(¢) = [ZT(t) Z'T(l‘)]T € R?"= consisting
of the latent representation and latent velocity z(¢) € R"=.

We now rely on CON with n = n, oscillators to provide us with the latent state derivative
E= Jfw(z(t), u(t)), where we defined ¢ = yy, and z = xy,. To ensure stability, we make use
of the Cholvesky decomposition to ensure that My, Ky and Dy, always remain positive
definite (see Theorem 3). It is important to note that we train the encoder, decoder, and
dynamical model all jointly. Please refer to Appendix B.1 for more implementation details.

11.4.1 TRAINING

It is important to remember that because we are using a f-VAE (Higgins et al., 2017; Kingma
and Welling, 2014), the image encoding becomes stochastic, and the encoder neural network
actually outputs p,(0),2 log(o,)(0) € R". After executing the reparametrization trick as
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Dataset 7 n, 7 RNN 7 GRU (Cho et al., 2014) 7 coRNN (Rusch and Mishra, 2020) 7 NODE (Chen et al., 2018) 7 MECH-NODE 7 CON-S (our) 7 CON-M (our) 7 CFA-CON (our)
M-SP+F (Botev et al., 2021) | 4 88 248 40 3368 3244 34 34 34
S-P+F (Botev et al., 2021) 4 88 248 40 3368 3244 34 34 34
D-P+F (Botev et al., 2021) | 12| 672 1968 348 4404 4032 246 246 246
CS 12| 696 2040 336 4374 4002 1386 8568 8568
PCC-NS-2 8 | 320 928 152 3856 3062 676 7048 7048
PCC-NS-3 12| 696 2040 336 4374 4002 1386 8568 8568
R-D (Champion et al., 2019) | 4 20 52 20 3064 - 24 24 24

Table 11.3: Number of trainable parameters for the each latent dynamic models depending on the respective dataset: mass-spring with friction (M-SP+F), single pendulum
with friction (S-P+F), double pendulum with friction (D-P+F), a constant strain soft robot (CS), a piecewise constant curvature with two segments (PCC-NS-2, a piecewise
constant curvature soft robot with three segments (PCC-NS-3, and reaction-diffusion (R-D).

11
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Figure 11.5: Evaluation of prediction performance of the various models vs. the dimension of their latent
representation n, and the number of trainable parameters of the dynamics model, respectively, on the PCC-NS-2
dataset. All hyperparameters are tuned for each model separately for n, = 8. The error bar denotes the standard
deviation across three random seeds.

2(te) ~ N (uz(t), o2(t)), we formulate the loss function, evaluated on each trajectory
consisting of N time-steps, as

N+1 p N+1

Static image reconstruction loss Kullback-Leibler divergence

£=i MSE(o(t;), ¥(z(1))) . Dxr. ((pz(te), 02(11))
k=0

(11.53)

+A; ,
N N

[ ——
Dynamic image reconstruction loss Latent dynamics consistency loss

+i , MSE(o(t). ¥(a(1)) MSE(z(t), 2(t0))
k=1

where £(t;) is predicted by £(t) = /% fr(£(t),u(¢"))dt’, and &(to) = [27(ts) 2" (10)] -
Here, z(t,) is given by the encoder, and %(#) is approximated using finite differences in
image-space. f,4;,4, € R are loss weights.

ESTIMATION OF INITIAL LATENT VELOCITY

For 2™-order systems and when integrating the evolution of the latent state £(t) =
[ZT(t) z'T(l‘)]T in time, we need to have access to an initial latent velocity z(t,) such
that we can roll out the latent state £(¢) in time. A naive approach to estimating such an
initial latent velocity would be to encode multiple (at least two) images of the system at
the start of the trajectory into latent space and then perform numerical differentiation (e.g.,
finite differences) in latent space. However, we found the resulting 2(t;) to be relatively
noisy and susceptible to small encoding errors. Instead, we propose to perform numerical
differentiation in image space and then map this velocity into latent space using the en-
coder’s Jacobian. First, we estimate the image-space velocity at t; using finite differences:
o(ty) = % The latent velocity is then estimated as z(t;) = %(o(tk)) o(ty), where
o0

¢, is obtained with forward-mode automatic differentiation.
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11.4.2 MODELS

We train the CON with the input-to-forcing mapping g(u) = B(u) u, where B(u) is parametrized

by a MLP with a hyperbolic tangent activation function applied in between layers. We
report results for two variants of the CON model: for the medium-sized CON-M and small-
sized CON-S, the MLP consists of five and two layers with a hidden dimension of 30 and
12, respectively. The model CFA-CON uses the same architecture as CON-M. We compare
against several popular latent space model architectures: The NODE model uses a MLP
with an hyperbolic activation functions and predicts () = fyope(£(t), u(t)). To make the
comparison fair, we parametrize the NODE’s MLP in the same fashion as for CON-M. The
MECH-NODE integrates prior knowledge towards learning 2°¢-order mechanical ODEs
and, therefore, predicts () = fmpcu-~Nope(€(#), u(t)). Furthermore, we consider multiple
autoregressive models: RNN, GRU, and coRNN and let them parameterize the following
transition function: &(t41) = far(€(t), u(#x)) As common in the relevant literature (Botev
et al., 2021), we allow the autoregressive models to perform multiple time step transitions
before predicting the next sample. For the autoencoder, we use a vanilla Convolutional
Neural Network (CNN). More details can be found in Appendix B.1.

11.4.3 DATASETS

We consider in total seven datasets that are based on simulations of unactuated mechanical
systems, actuated continuum soft robots, and the reaction-diffusion dynamics. The first
three, mechanical datasets are based on the work of Botev et al. (2021) and contain video
sequences of a mass-spring system with friction (M-SP+F), a single pendulum with friction
(S-P+F), and a double pendulum with friction (D-P+F). Continuum soft robots have theo-
retically infinite DOF, evolve with highly nonlinear and often time-dependent dynamical
behaviors, and are notoriously difficult to model from first principles (Armanini et al.,
2023). For that reason, it is a very interesting proposition if we could learn latent-space
dynamical models directly from video (Thuruthel and Iida, 2023) and later leverage them
for control (Almanzor et al., 2023). Therefore, we generate three datasets based on the PCS
soft robot model. CS considers one segment with constant strain and is modeled using three
configuration variables. PCC-NS-2 and PCC-NS-3 only consider bending deformations and
contain soft robots with two and three segments, respectively. As all previous examples
exampled ODEs, we strive to test the proposed approach also on a system that is governed
by PDEs. Specifically, we consider the Reaction-diffusion (R-D) dataset as included in the
SINDy Autoencoder paper (Champion et al., 2019). For all datasets, we generate images of
size 32x32px and subsequently normalize the pixels to the interval [—1,1].

UNACTUATED MECHANICAL DATASETS

We consider multiple mechanical datasets based on a standard implementation included in
the Toy Physics category of the NeurIPS 2021 Track on Datasets and Benchmarks publication
by Botev et al. (2021): mass-spring with friction (M-SP+F), a single pendulum with friction
(S-P+F), and a double pendulum with friction (D-P+F). All datasets contain 5000 system
trajectories in the training set and 1000 trajectories each in the validation and test set.
Each trajectory is generated by first randomly initializing the system, then rolling it out
for 3s using an Euler integrator with a time step size of 5ms. Samples are recorded at a
rate of 20 Hz (i.e., a time step of 0.05s). As a result, each trajectory contains 60 images of
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the system’s state. As all of these datasets are unactuated, we can deactivate the input-to-
forcing mapping component from all models (e.g., set g(u) = 0 for the CON model).

The M-SP+F dataset contains motion samples of a damped harmonic oscillator with
a mass of 0.5kg, a spring stiffness of 2N/m, and a damping coefficient of 0.05 Ns/m. For
each trajectory, the initial condition of the mass-spring is randomly sampled by combining
a random sign(q) with a uniformly sampled |g| ~ 7°(0.1m, 1m). The position of the mass
is rendered with a filled circle in a grayscale image.

The SP+F and DP+F datasets include the evolutions of a single-link pendulum and
double-link pendulum, respectively, with a mass of 0.5 kg attached to the end of each link,
which has a length of 1 m. The dataset considers a gravitational acceleration of 3m/s?. A
rotational damper with coefficient 0.05 Nms/rad provides the friction. Similarly to the M-
SP+F dataset, both the sign and the absolute value of the initial configuration are randomly
sampled, where |q(0)| ~ V°(1.3rad, 2.3rad). The position of each mass is rendered with a
filled circle. For the single-link pendulum, this is done in grayscale, and for the double
pendulum, each mass is rendered with a different color (i.e., blue and red).

AcTUATED CONTINUUM SOFT ROBOT DATASETS

The shape of slender and deformable rods can be approximated by considering the de-
formations along the 1D curve of the backbone (Gazzola et al., 2018). While this curve is
still infinite-dimensional, it is possible to discretize the backbone into (many) segments
with piecewise constant strain (Gazzola et al., 2018; Renda et al., 2016). Accordingly, we
describe the kinematics of a planar continuum soft robot consisting of nj, segments with
the PCS model (Renda et al., 2016). We assume each segment has a length of 100 mm
and a diameter of 20 mm. The PCS model assumes each segment to have constant strain.
In the planar case, this means that the shape of the ith segment can be parametrized by
&= [Kbe,i Oshii oax,i] " € R? where Kbe,; is the bending strain (i.e., the curvature) in the
unit rad/m, ogp; is the shear strain (dimensionless), and o,y is the axial elongation strain
(dimensionless). The robot’s configuration is then defined as g = [§1T R A §,Tb] T
In the case of PCC, only the bending strain is active as shear strains and axial strains are
neglected, and the configuration is now g € R™. The PCS model generates EOM in the
form of (Della Santina et al., 2023)

M(q) G+ C(q,9) q+G(q)+Kqq+Dqq = u(t), (11.54)

where M(q) > 0 and C(gq, ¢) are the inertia and Corioli matrices, respectively. G(q) collects
the gravitational forces, Ky > 0 is the stiffness matrix, and Dq > 0 contains the damping
coefficients. u(t) € R™ is an external force acting on the generalized coordinates, and now
m = np.

We derive the corresponding dynamics for a continuum soft robot of material density
600kg/m3, elastic modulus of 20000 Pa, shear modulus of 10000 Pa, and damping coeffi-
cients of 0.00001 Nm?s for bending strains, 0.01 Ns for shear strains, and 0.01 Ns for axial
strains, respectively. Gravity is pointing downwards. The implementation of the dynamics
in JAX (Bradbury et al., 2018) is based on the JSRM library (St6lzle et al., 2024a,b), and we
simulate the robot using a constant integration time step of 0.1 ms. We render grayscale
images of the robot with a size of 32x32px at a rate of 50 Hz using OpenCV (Bradski, 2000).
We generate 10000 trajectories, each of duration 2.0 s and a sampling time-step of 0.02s.
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We use 60 % training, 20 % validation, and 20 % test split. For each trajectory, we randomly
sample a constant actuation/input © ~ U"(—Umay, Umax)- We choose the maximum actuation
magnitude to be equal to the sum of the contribution of the potential forces (i.e., elastic
and gravitational forces): Umax = G(gmax) + K Gmax With gmax; = [5 7 rad/m, 0.2,0.2] i

We generate three datasets based on this continuum soft robot model: in the CS dataset,
we consider one segment with all three planar strains active (i.e., bending, shear, and
elongation). This results in three DOF and six-state variables in the dynamical model. In
the case of the PCC-NS-2 and PCC-NS-3 datasets, we base the dataset on a simulated system
consisting of two planar bending segments, respectively. Each segment is parametrized
using CC (Rosi et al., 2022; Webster IIl and Jones, 2010), which results in two configuration
variables and a state dimension of four.

UNACTUATED PDE REACTION-DIFFUSION DATASET

We consider the 1%'-order Reaction-diffusion (R-D) PDE on which Champion et al. (2019)
evaluated their SINDy Autoencoder on. The PDE of the high-dimensional lambda-omega
reaction-diffusion system is defined as

2 u o

kg (1-®+v®)) u+ (v +v*)v+d; <Z+Z>,

ot aq;  9q; (11.55)
@——,/)’(u2+v2)u+(l—(u2+vz))v+d @4_8721) |
ot Nog?2 " ag2 )’

where u(t,q) : RxR* - R and v(t,q) : RxR? — R are time-dependent two vector fields
defined over the spatial domain g € R% We choose the same system parameters and initial
condition as Champion et al. (2019): d;,d; = 0.1, and f =1 and

u(0,¢) = tanh (\/qf +¢j cos (4(611 +ig) =g} + CI22)>:
v(0,q9) = tanh(,/qlz+q22 sin(A(ql +ig)— ,/q12+q22)>.

After discretizing the spatial domain into 32 points along each dimension, we solve
the PDE with a MATLAB ODE45 solver the solution of u(t, ¢) and v(t, g) at each time step
and grid point. Subsequently, the solution is multiplied with a Gaussian centered at the
origin (Champion et al., 2019)

(11.56)

u(t,q) = exp(—0.01 (qf + qg)) u(t,q),
3, q) = exp(=0.01(q; + ¢3))d(t, q).

We integrate the system from the specified initial condition for 500 s and store samples at
a time step of 0.05 s. We divide the entire sequence into 99 subsequences each containing
101 samples. We train the models to predict these subsequences that have a horizon of 5.0s
each.

We stack the solution of u(t, ¢) and i(t, q) contained in the two grids 0,(2), 0y (t) €
respectively, to gather the images o(t) € R®*%Z containing two channels. A sample
sequence of the generated images is presented in Fig. 11.9. We use 60 % of the subsequences
(i.e., 59) as our training set, and employ 20 % (i.e., 19) for the validation and test sets,
respectively.

(11.57)

32x32
R>#>2,



11.4 LEARNING CONTROL-ORIENTED LATENT DYNAMICS FROM PIXELS 245

11.4.4 RESULTS

REsULTS FOR UNACTUATED MECHANICAL DATASETS

The results in Tab. 11.2 show that the NODE model slightly outperforms the CON network
on the M-SP+F and S-P+F datasets. However, as the datasets do not consider system inputs,
we can remove the input mapping from all models (e.g., RNN, GRU, coRNN, CON, and
CFA-CON). With that adjustment, the CON network has the fewest parameters among all
models, particularly two orders of magnitude less than the NODE model. Therefore, we
find it very impressive that the CON network is roughly on par with the NODE model. For
the D-P+F dataset, we can conclude that the CFA-CON model offers the best performance
across all methods. Finally, most of the time, the CON & CFA-CON networks outperform
the other baseline methods that have more trainable parameters. Sequences of stills of
the rollout of the CON model trained on the M-SP+F, and D-P+F datasets are presented in
Figs. 11.6 and 11.7.

RESULTS FOR ACTUATED CONTINUUM SOFT ROBOT DATASETS

The results in Tab. 11.2 show that CON-M matches the performance of the state-of-the-
art methods across all experiments. In the case of PCC-NS-3, CON-M even decreases
the RMSE error by 6 % w.r.t. the closest baseline method (MECH-NODE). Impressively,
the performance is not reduced (but instead often even improved) compared to other
models that offer a much larger design space for learning the dynamics (e.g. NODE).
Furthermore, CON-S and CFA-CON often only exhibit slightly lower performance than CON-
M, even though they have significantly fewer parameters and consider an approximated
solution, respectively. Supplementary results (e.g., more evaluation metrics) can be found
in Appendix B.2. Sequences of stills for the CON model trained on the PCC-NS-3 dataset
are provided in Fig. 11.8.

We also conduct on the PCC-NS-2 dataset an analysis concerning the effect of the latent
dimension on the performance (see Fig. 11.5). For this experiment, all hyperparameters were
tuned for n, = 8, and we observe that the CON models have a much-improved consistency
and smaller variance w.r.t. the baseline methods when the latent dimensionality is increased.

RESULTS FOR REACTION-DIFFUSION DATASET

To address the unactuated nature of the R-D dataset, we remove, analog to the M-SP+F,
S-P+F, and D-P+F datasets, the input-to-state mapping parameters of the dynamical models
(e.g., the B(u) and E(7) MLPs for the CON models). Furthermore, the PDE describing the
system dynamics is of 1%t-order. Therefore, we leverage the 1%t-order versions of the latent
dynamics, in particular for the coRNN, CON, CFA-CON models, as specified in Apx. B.1.3.
We report the RMSE of the test set evaluations in Tab. 11.2. Furthermore, we also present
a sequence of stills of the rollout of a trained latent dynamics CON model in Fig. 11.9.
We find it impressive that CON with its strong stability guarantees can accurately model
the dynamics of a high-dimensional PDE system. Still, these initial results show that,
for a comparable number of model parameters, the coRNN model exhibits a 32 % better
performance than the CON model. Therefore, in particular as coRNN and CON are both
oscillatory networks, it would be interesting to analze in future work which characteristic
gives coRNN the most performance benefits compared to CON on this PDE datasets.
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(a) t=0.0s (b) t=0.55s (c) t=1.10s (d) t=1.65s (e) t=2.20s (f) t=2.75s

Figure 11.6: Prediction sequence of a CON model with latent dimension n, = 4 trained on the damped harmonic
oscillator (M-SP+F) dataset (Botev et al., 2021). Top row: Ground-truth evolution of the system. Bottom row:
Predictions of the CON model.

The prediction model is given three images centered around ¢ = 0 for encoding the initial latent z(0) and estimation
of the initial latent velocity z(0). Subsequently, we roll out the autonomous network dynamics (i.e., unforced)
and compare the decoded predictions with the ground-truth evolution of the system.

) t=0.0s (b) t=0.55s ) t=1.10s ) t=1.65s ) t=2.20s ) t=2.75s

Figure 11.7: Prediction sequence of a CON model with latent dimension n, = 12 trained on the double pendulum
with friction (D-P+F) dataset (Botev et al., 2021). Top row: ground-truth evolution of the system. Bottom row:
predictions of the CON model.

The prediction model is given three images centered around ¢ = 0 for encoding the initial latent z(0) and estimation
of the initial latent velocity z(0). Subsequently, we roll out the autonomous network dynamics (i.e., unforced)
and compare the decoded predictions with the ground-truth evolution of the system.
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(a) t=0.0s (b) t=0.36s (c) t=0.72s (d) t=1.08s (e) t=1.44s (f) t=1.80s

Figure 11.8: Prediction sequence of a forced CON model with latent dimension n, = 12 trained on the soft robotic
PCC-NS-3 dataset containing trajectories of a simulated piecewise constant curvature robot with three segments.
Top row: Ground-truth evolution of the system. Bottom row: Predictions of the CON-M model.

The prediction model is given three images centered around ¢ = 0 for encoding the initial latent z(0) and estimation
of the initial latent velocity z(0). Subsequently, we roll out the autonomous network dynamics (i.e., unforced)
and compare the decoded predictions with the ground-truth evolution of the system.
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(a) t=0.0s (b) t=1.0s (c) t=2.0s (d) t=3.0s (e) t=4.0s ) t=5.0s

Figure 11.9: Prediction sequence of an unforced, 1*-order CON model with latent dimension n, = 4 trained on
the reaction-diffusion (R-D) dataset. Top row: Ground-truth evolution of the system. Bottom row: Predictions
of the CON-M model. We roll out the autonomous, 1%-order network dynamics (i.e., unforced) and compare the
decoded predictions with the ground-truth evolution of the system.
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11.5 EXPLOITING THE DYNAMIC STRUCTURE FOR LATENT
SpaceE CONTROL

We consider the problem setting of guiding the system towards a desired observation
0% by providing a sequence of inputs u(t;) such that at time ty, the actual observation
o(ty) matches 04. A relatively simple way would be to encode the desired observation
into latent space z4 = ®(0%) and then to design a feedback controller (e.g., PID) in latent
space: g(u) = PID(z% — z(t),—%). Unfortunately, several challenges appear: first, it is
not clear how the latent-space force 7 = g(u) can be mapped back to an actual input
u(t) as the inverse input-to-forcing mapping g~ ! is generally not known. Furthermore,
relying entirely on a PID controller has several well-known drawbacks, such as poor
and slow transient behavior, steady-state errors (in case the integral gain is chosen to
be zero), and instability for high proportional and integral gains. We take inspiration
from potential shaping strategies (Bloch et al., 2001; Ortega et al., 2021), which are widely
used for effectively controlling (elastic) robots, and, therefore, combine a feedforward
term compensating the latent-space potential forces with an integral-saturated, PID-like
feedback term. For mapping the desired forcing 7 back to an input u(t), we train an forcing
decoder 7 : R" — R™ that approximates g~!. Specifically, we consider here the structure
u=n(r) = E(r) r, where E € R™" is parameterized by an MLP.

11.5.1 CONTROL STRATEGY

The latent-space control law is given by

r(t)=g(u)= Kyz'+tanh(z?+b) +K,(z%-2)-Kiz+K / t tanh(v(z4(¢") — z(¢')))dt’
0

Feedforward term:
compensation of potential forces Feedback term: P-satl-D

(11.58)
where K, K;,Kq € R™" are the proportional, integral, and derivative control gains, re-
spectively. As integral terms can often lead to instability when applied to nonlinear
systems (Stolzle et al., 2024b), we adopt an integral term saturation (Pustina et al., 2022a)
with the associated dimensionless gain v € R, which ensures that the integral error added
at each time step is bounded to the interval (—1,1). Subsequently, 7 is decoded to the input
as u(t) = n(r) = E(r) r. For training this decoder, we add a reconstruction loss to (11.53):
£4(t) = A MSE(u(t), (1)) = Ay MSE(u(t), 7(g(u(te))).

11.5.2 IMPLEMENTATION OF CLOSED-LooP CONTROL

We generate a trajectory of 7 setpoints, where qd(tj) € R™ is a sampled configuration of
the actual system. Then, we render an image 0%(t ;) that represents the target observation
for the controller and encode it into latent space to retrieve z¢ € R™. At time step k, we
render an image o(t;) of the robot’s current configuration q(t;) and encode the image.
Subsequently, we evaluate the control law and apply the decoder u(#) = n(z(#))), which is
finally passed to the simulator that integrates the ground-truth dynamics to the next time-
step tr4+1 considering the actuation u(#;). The controller runs at 100 Hz, and we simulate
the ground-truth dynamics with a Dopri5 ODE integrator at a time-step of 5x10™* s.
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Figure 11.10: Panel (a): Samples of some of the datasets used as part of the experimental verification, specifically
for the results reported in Tab. 11.2. The real-world Reaction-Diffusion image is adopted from (Epstein and Xu,
2016). Panel (b): Model-based control in latent space by exploiting the physical structure of the CON model.

11.5.3 LATENT SPACE CONTROL OF A DAMPED HARMONIC OSCILLATOR

We consider an actuated version of the M-SP+F dataset (i.e., a damped harmonic oscillator)
and denote it with M-SP+F+A. All system, trajectory sampling and rendering parameters
remain the same, except that for each trajectory in the dataset we randomly sample a
forcing u ~ U'(—1N,1N).

We train a CON model with latent dimension n, = 1 over three random seeds on the
M-SP+F+A dataset. This means that the network consists of a single oscillator. From the
three different random seeds, we choose the model that achieves the best validation loss,
which results in an RMSE of 0.0327, a PSNR of 5.99, and SSIM of 0.9796 on the test set.

Fig. 11.11 shows how the encoder learns an almost linear relationship between the actual
configuration of the system and the predicted latent space representation. Furthermore, we
notice that both the ground-truth and the learned potential energy are convex and exhibit
a global minimum at ¢ = 0m.

We compare the performance of P-satl-D, D+FF, and P-satI-D+FF controllers based on
the CON model in Fig. 11.12. For the P-satI-D controller, we choose the control gains
Ky, =10,K; =10,Kg =5,v=1. The D+FF controller uses Ky = 3.5. Finally, the P-satI-D+FF
is configured with K, = 2,K; = 0.3,K4 = 3.5, v = 1. The results show that the P-sat[-D+FF
controller exhibits thanks to its feedforward term no overshooting and a faster response
time than the pure feedback controller P-satI-D. The high accuracy of the feedfoward term
can be seen from the performance of the D+FF controller, that only exhibits relatively
small steady-state error. Adding small proportional and integral feedback actions in the
P-satI-D+FF controller keeps the compliance high while removing the steady-state error
and reducing the response time.

Finally, we visualize the behavior of the P-satI-D+FF controller as a sequence of stills in
Fig. 11.13.
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Figure 11.11: Panel (a): Learned mapping from configuration to latent space for the CON model with n, (i.e.,
consisting of a single oscillator) trained on the actuated damped harmonic oscillator (M-SP+F+A) dataset. Panel
(b): The blue line represents the ground-truth potential energy of the damped harmonic oscillator. The orange line
represents the learned potential energy of the CON model evaluated vs. the system configuration by rendering
and subsequently encoding into latent space each configuration value.

11.5.4 LATENT SPACE CONTROL OF A Two SEGMENT PCC SorT RoBOT
EXPERIMENTAL SETUP.

We train a CON model with two latent variables (n, = 2) on the PCC-NS-2 dataset. Analog
to the input encoder mapping B(u), the forcing decoder mapping E(r) is parametrized
by an MLP consisting of five layers with hidden dimension 30 and a hyperbolic tangent
activation function. The CON model achieves an RMSE of 0.1628 on the test set.

MODEL SELECTION

For the control experiments, we train instances of the MECH-NODE and CON-M models
with latent dimension n, = 2 and with neural network weights initialized with three
different random seeds. We found that model-based control does not perform as well when
the latent stiffness I'y, (as visualized in Fig. 11.14(a)) is significantly larger along one of
the Eigenvectors than along the other one. Therefore, we evaluate the Eigenvalues of
the learned stiffness matrix in W-coordinates after training: A;2(I'y,). Particularly, we
choose the seed that minimizes the normalized standard deviation of the Eigenvalues:
seed = argmin %, where

GO L R J(Amrw)—mz+(Az(rw)—m)2. (11.59)

Ha 5 5

We benchmark two controllers on the simulated continuum soft robot consisting of two
segments: (i) a pure P-satl-D controller (i.e., the feedback term in (11.58)) that leverages the
smooth mapping into the latent representation enabled by the CON dynamic model and the
B-VAE, and (ii) a P-satI-D+FF (i.e., (11.58)) that exploits the structure of the CON dynamics
by compensating for the potential forces. The stable closed-loop system dynamics made the
control gain tuning very easy, and we selected K, = 1,K; = 2,Kg = 0.02, v = 1 for the P-satl-D
controller and K;, = 0,K; = 2,K4 = 0.05,v = 1 for the P-satI-D+FF controller, respectively.
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Figure 11.12: Latent-space control of an actuated damped harmonic oscillator (M-SP+F+A) following a sequence
of setpoints. We compare multiple controllers based on a trained CON network with n, = 1. The CON model
weights are initialized using a random seed of 0. The blue line represents a pure feedback controller (P-satl-D).
The orange line visualizes the behavior of a feedforward controller with only a damping term applied in feedback
(D+FF). The green line shows the performance of our proposed combination of feedback and feedforward terms
(P-satl-D+FF). The dotted and solid lines show the reference and actual values, respectively. For each setpoint, we
randomly sample a desired shape g% and render the corresponding image 09. This image is then encoded to a
target latent z4. The controller then computes a latent-space torque F4, which is decoded to an input u. Finally,
we provide this input to the simulator, which performs a roll-out of the closed-loop dynamics. Important: The
robot’s configuration (i.e., the first-principle, minimal-order state) is solely used for generating a target image and
simulating the closed-loop system.

Furthermore, we compare the control performance of our model-based controllers with a
baseline control strategy based on the MECH-NODE (n, = 2) that achieves an error of 0.1104
on the test set. For MECH-NODE, we chose the model with the lowest validation loss (seed
0) First, we utilize the same P-satl-D feedback controller as for the CON model to generate
the control action 7(t) in latent space. As the MECH-NODE uses an MLP to parameterize
the function & = f:(&,u), we cannot easily map 7(t) into an input u(t). Therefore, we
linearize the latent space dynamics w.r.t to the input as fi ,.(&,u) = fz(£,0) + A(&) u, where

A(E) = 2—’3(5,0) is computed using autodiff. Then, u(t) = AT(¢) r(t). After tuning the

control gains, we choose K, = 0.001,K; = 0.02,Kq = 1x 107°,v=1.

POTENTIAL ENERGY LANDSCAPE
When leveraging (learned) dynamical models for setpoint regulation, it is essential to
accurately estimate the potential energy as this dictates the efficacy of the feedforward
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terms. Therefore, we qualitatively evaluate the potential energy landscape of the CON
latent dynamic model.

In Fig. 11.14(a), we can see how CON contains a single, isolated, and globally asymptot-
ically stable equilibrium as proven in Section 11.2, respectively. Furthermore, we want to
verify that the learned potential corresponds to the actual potential energy of the simu-
lated system. An autonomous continuum soft robot with the tip pointing downwards in a
straight configuration exhibits an isolated, globally asymptotically stable equilibrium at
q =0 (i.e., zero strains) (St6lzle and Della Santina, 2021). For this purpose, we can compare
the learned potential energy field in Fig. 11.14(b) with the ground-truth potential energy
field in Fig. 11.14(c). We confirm, based on Fig. 11.14(b), that, indeed, the learned potential
also has its minimum close to/at g = 0. Although the field is shaped slightly differently, the
potential forces are clearly pointing inwards towards the global attractor.

REsuLTS

As an evaluation metric, we consider the RMSE between the actual and the reference
trajectory. The P-satl-D applied to the MECH-NODE model (baseline) achieves an RMSE
of 2.88 rad/m w.r.t. to the desired configuration ¢ (but unknown to the algorithm). The
P-satI-D CON controller, which does not exploit the learned latent dynamics for control,
exhibits an RMSE of 4.08 rad/m w.r.t. to the desired configuration ¢%. The P-satI-D+FF
controller exhibits an RMSE of 2.12 rad/m w.r.t. to the desired configuration ¢¢. We also
visualize the closed-loop trajectories in Fig. 11.15 and as sequences of stills in Fig. 11.16. We
conclude that the nicely structured latent space generated by the f-VAE allows the P-satl-D
controller to effectively regulate the system towards the setpoint, although the response
time is rather slow. The P-satI-D+FF controller is able to exploit the structure of the CON
model through its potential shaping feedforward term. With that, CON P-satl-D+FF exhibits
a faster response time and a 26 % lower RMSE than the MECH-NODE P-satI-D baseline.
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(a) t=0.0s (b) t=0.5s (c) t=1.0s (d) t=1.5s (e) t=2.0s (f) Target 0—4.9s

(g) t=5.00s (h) t=5.5s (i) t=6.0s (j) t=6.55 (k) t=7.5s (I) Target 5—9.9s

Figure 11.13: Sequence of closed-loop control of an actuated damped harmonic oscillator (M-SP+F+A) with a
P-satI-D+FFcontroller based on a trained CON with n, = 1. Columns 1-4: show the actual behavior of the

closed-loop system. Column 5: demonstrates the target image that the control sees for all time instances in the
row.
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Figure 11.14: Potential energy landscapes of a CON with n, = 2 trained to learn the latent space dynamics of a
continuum soft robots (simulated with two PCC segments). Panel (a): Here, we visualize the learned potential
energy of CON using the color scale as a function of the latent representation z = x,, € R%. The arrows denote
the gradient of the potential field % (i.e., the potential force), with the magnitude of the gradient expressed as
the length of the arrow. Panel (b): Again, we display the learned potential energy of CON using the color scale,
but in this case, as a function of the configuration g € R of the robot (that is hidden from the model). First, we

render an image o of the shape of the robot for each configuration g = [q1 qg]T € R?. Then, we encode the
image into latent space as z = ®(0). This allows us then to compute the potential energy U'(z) of the CON latent
dynamics model. Panel (c): Here, we display the potential energy and its associated potential forces of the actual

(i.e., simulated) system.
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Figure 11.15: Latent-space control of a continuum soft robot (simulated using two piecewise constant curvature
segments) at following a sequence of setpoints: The upper two rows show the performance of a pure P-satI-D
feedback controller operating in latent space z learned with the MECH-NODE and CON models, respectively.
The lower row displays the results for a latent space controller based on the CON model that additionally also
compensates for the learned potential forces.
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L R S

(a) t=0.0s (b) t=0.2s ) t=0.4s (d) t=0.6s (e) t=0.8s (f) Target 0—4.9s
(g) t=5.00s (h) t=5.2s (i) t=5.4s (j) t=5.6 (k) t=5.8s () Target 5—9.9s

Figure 11.16: Sequence of closed-loop control of a continuum soft robot consisting of two constant curvature
segments with the P-satl-D+FF based on a trained CON with n, = 2. Columns 1-4: show the actual behavior of
the closed-loop system. Column 5: demonstrates the target image that the control sees for all time instances in
the row.
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11.6 CONCLUSION AND LIMITATIONS

11.6.1 CONCLUSION

In this work, we propose a new formulation for a coupled oscillator that is inherently
input-to-state stable. Additionally, we identify a closed-form approximation, that is able to
simulate the network dynamics more accurately compared to numerical ODE integrators
with similar computational costs. When learning latent dynamics with CON, we observe
that the performance is on par or slightly better compared to SoA methods such as RNNs,
NODEs, etc., even though we constrained the solution space to a ISS-stable coupled oscilla-
tor structure. Furthermore, we point out that the performance of the CON models is more
consistent across latent dimensions compared to the baselines and improved when not
specifically tuned for a given dimension. Furthermore, as seen in Tab. B.5, the closed-form
approximation achieves, with the same number of model parameters, similar accuracies
and double the training speed w.r.t. to the continuous-time model. Finally, we demonstrate
that even a simple PID-like latent-space controller can effectively regulate the system to
a setpoint. By exploiting the network structure and compensating for potential forces,
regulation performance can be greatly improved, and response time decreased by more
than 55 %.

11.6.2 LIMITATIONS

While we think our proposed method shows great potential and opens interesting avenues
for future research, there exist certain limitations. For example, the proposed method
of learning (latent) dynamics implicitly assumes that the underlying system adheres to
the Markov property (e.g., the full state of the system is observable), that a system with
mechanical structure can approximate it, and that it has an isolated, globally asymptotically
stable equilibrium. This is, for example, the case for many mechanical systems (e.g.,
some continuum soft robots, deformable objects, and elastic structures) with continuous
dynamics, convex elastic behavior, dissipation, and whose time-dependent effects (e.g.,
viscoelasticity, hysteresis) are negligible. Even if these conditions are not met globally,
the method can be applied to model the local behavior around an asymptotic equilibrium
point of the system (e.g., robotic manipulators, legged robots) with added stability benefits
for out-of-distribution samples. Alternatively, the method could be extended to relax
some of these assumptions, e.g., by allowing for multiple equilibria, zero damping, or by
incorporating additional terms to capture discontinuous dynamics (e.g., stick-slip models)
or period motions (e.g., limit cycles such as the Van der Pol oscillator). The proposed
method might not be suitable for some physical systems, such as nonholonomic systems,
partially observable systems, or systems with non-Markovian properties. Examples of such
systems include mobile robots and systems with hidden states or delayed observations.

Furthermore, the approximated closed-form solution shows the best integration for sit-
uations where linear, decoupled dynamics dominate the transient. For dominant nonlinear,
coupled forces, the performance of CFA-CON degrades, and it might be better to revert to
numerical integration of the CON ODE. Finally, the control works exceptionally well in the
setting where the latent dimension equals the input dimension. We hypothesize that this
enables the method to identify a diffeomorphism between the input and the latent-space
forcing. Still not investigated is how the performance could degrade if n, >m (or n; <m
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for that matter).

AFTERWORD

In this chapter, we introduced Coupled Oscillator Network (CON) and leveraged it for
learning mechanically interpretable latent dynamics of physical systems. The ability to
derive kinetic and potential energy terms of the CON i) allows us to provide strong stability
guarantees (e.g., GAS, ISS), and ii) enables us to apply computationally efficient model-based
control strategies established in the (soft) robotics community such as P-satI-D+potential
shaping directly in latent space. Although the learned dynamics no longer map directly
to a soft robot model as they did in Chapter 10, the fact that the latent dynamics retain a
physical (in this case, mechanical) interpretation offers several advantages: (a) it enables
us to enforce stability characteristics in the learned system similar to those observed in the
original physical system, and (b) it allows the application of control strategies originally
designed for fully physics-derived models. These attributes underscore the benefits of
greybox approaches, particularly those that incorporate physical structure and provide
stability guarantees.

The proposed approach of integrating an encoding into a latent space with a latent
dynamical system that incorporates specific physical structures and stability guarantees
proves valuable not only for learning models but also for motion planning. In recent years,
there has been a growing trend in the research community to develop motion policies with
stability guarantees by leveraging diffeomorphic encoders and latent dynamics represented
by stable dynamical systems within the framework of Stable Motion Primitive (SMP)(Pérez-
Dattari and Kober, 2023; Rana et al., 2020; Zhi et al., 2024). In Chapter 12, we expand this
method to learn periodic motions and demonstrate its ability to generate natural, compliant,
and safe behavior across various real (soft) robots.
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12

LEARNING STABLE PERIODIC
RoBoT MOTIONS FROM
DEMONSTRATION

Foreword. This thesis has so far concentrated primarily on the use of learned models in
shape sensing and control. However, a critical challenge in achieving fully autonomous
robots lies in high-level decision-making. The controllers discussed in this work require
either a setpoint or a trajectory to follow. In Chapter 7, we explored a method enabling
users to guide the soft robot directly through their thoughts by manipulating setpoints in
space, which a compliant impedance controller subsequently tracks. While this low-level
HRI provides precise control over the robot’s actions, it demands the user’s full attention
and can become exhausting, thereby limiting the efficiency gains we expect to gain by
introducing intelligent, autonomous robots. An alternative approach involves the user spec-
ifying only high-level tasks, allowing the robot to plan its motions independently. Among
potential methods, including RL and optimization-based strategies like MPC, Learning
from Demonstration (LFD) stands out as particularly promising as it allows the learning
of complex motions from humans or even from other biological creatures. As a special
case of LFD, research on learning motion policies using dynamical systems has been well-
established (Ijspeert et al., 2013). Being referred to as Dynamic Motion Primitive (DMP)
or Stable Motion Primitive (SMP), this strategy exhibits interpretability, compliant behav-
ior, and convergence guarantees. Recently, advances in deep learning and normalizing
flows (Kobyzev et al., 2020) have given rise to frameworks that increase the expressiveness
of the motion policy by leveraging diffeomorphic mappings into latent spaces, parametrized
by neural networks, combined with latent dynamical systems (Pérez-Dattari and Kober,
2023; Rana et al., 2020; Zhi et al., 2024). These methods enable the learning of more complex
behaviors while maintaining interpretability, stability, and convergence guarantees. In
this chapter, we extend this approach to learn periodic motions with guaranteed orbital
stability. This is achieved by integrating a bijective encoder based on Euclideanizing flows
with latent dynamics modeled as supereritical Hopf bifurcations. The approach aligns in
terms of vision with the work in Chapter 11, but here, it is applied to motion policy rather
than dynamical model learning.
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Abstract. Learning from demonstration provides a sample-efficient approach to acquiring
complex behaviors, enabling robots to move robustly, compliantly, and with fluidity. In this
context, Dynamic Motion Primitives offer built-in stability and robustness to disturbances but
often struggle to capture complex periodic behaviors. Moreover, they are limited in their ability
to interpolate between different tasks. These shortcomings substantially narrow their applica-
bility, excluding a wide class of practically meaningful tasks such as locomotion and rhythmic
tool use. In this work, we introduce Orbitally Stable Motion Policys (OSMPs)—a framework that
combines a learned diffeomorphic encoder with a supercritical Hopf bifurcation in latent space,
enabling the accurate acquisition of periodic motions from demonstrations while ensuring
formal guarantees of orbital stability and transverse contraction. Furthermore, by conditioning
the bijective encoder on the task, we enable a single learned policy to represent multiple motion
objectives, yielding consistent zero-shot generalization to unseen motion objectives within the
training distribution. We validate the proposed approach through extensive simulation and
real-world experiments across a diverse range of robotic platforms—from collaborative arms
and soft manipulators to a bio-inspired rigid—soft turtle robot—demonstrating its versatility
and effectiveness in consistently outperforming state-of-the-art baselines such as diffusion
policies, among others.

This chapter is partly based on [B M. Stolzle, TK. Rusch®, Z.3. Patterson®, R. Pérez Dattari, F. Stella, . Hughes,
C. Della Santina, and D. Rus (2025). Learning to Move in Rhythm: Task-Conditioned Motion Policies with Orbital
Stability Guarantees. In Science Robotics Special issue on Transfer Learning, Foundation Models, and Emerging
Capabilities. Under Review (Stélzle et al., 2025b).

TXKR. and Z.J.P. contributed equally to this work. M.S. conceived the project, and M.S., Z.J.P., TKR., CD.S.,
and D.R. developed the research idea. M.S. developed the framework for training the orbital motion primitives.
M.S. and C.D.S. derived the phase synchronization approach. M.S. and TK.R. designed the encoder conditioning
technique, and M.S. devised the smooth conditioning interpolation loss. Z.J.P. and M.S. performed the turtle robot
experiments; M.S. conducted the URS5 robotic manipulator experiments; R.P.D. and M.S. executed the KUKA cobot
experiments; M.S. and F.S. carried out the Helix soft robot experiments. M.S., Z.J.P., RP.D., and E.S. performed the
data analysis. M.S., Z.J.P., RP.D., and F.S. wrote the manuscript. D.R., C.D.S., TK.R, and ZJ.P. supervised the
research project. D.R., C.D.S., and J.H. provided funding.
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12.1 INTRODUCTION

Mitation Learning (Schaal, 1999; Zare et al., 2024) has regained substantial traction in
I recent years due to its superior sample and iteration efficiency in acquiring complex tasks
compared to RL. Recent work has focused on improving the robustness, expressiveness,
and generalization of motion policies learned from demonstration by leveraging modern
ML architectures such as diffusion and flow matching models (Black et al., 2024; Chi
et al., 2023); scaling up the number of demonstrations to increase robustness (Black et al.,
2024; O’Neill et al., 2024; Team, 2025); training across multiple robot embodiments (e.g.,
different manipulators) to promote generalization (Black et al., 2024; O’Neill et al., 2024);
and conditioning policies on semantic task instructions and environment context via
embeddings from large VLMs (Black et al., 2024; Team, 2025). Among these, DMPs (Hu
et al., 2024; Ijspeert et al., 2013, 2002; Saveriano et al., 2023) parametrize a motion policy
through dynamical systems that predict the desired velocity or acceleration based on the
system’s current state. By grounding the formulation in dynamical systems, researchers
can leverage established tools from nonlinear system theory (Khalil, 2002) to analyze and
ensure-by-design convergence properties in motion primitive—such as global asymptotic
stability (Ijspeert et al., 2013; Kober and Peters, 2009; Pérez-Dattari et al., 2024; Pérez-
Dattari and Kober, 2023; Rana et al., 2020; Urain et al., 2020; Zhang et al., 2022b) or orbital
stability (Abu-Dakka et al., 2024, 2021; [jspeert et al., 2002; Khadivar et al., 2021; Kober and
Peters, 2009; Nah et al., 2025; Urain et al., 2020; Wensing and Slotine, 2017; Zhi et al., 2024).
This is not typically the case for other ML-based motion policies like RNNs or Diffusion
Policys (DPs) (Black et al., 2024; Chi et al., 2023; O’Neill et al., 2024; Team, 2025). Such
approaches—often referred to as SMPs—are robust to perturbations, disturbances, and
model mismatches, as the motion policy continuously steers the system back to the desired
reference. This also enhances data efficiency, a trait that is increasingly important as robots
take on a broader range of tasks.

An important subclass of DMP strategies addresses tasks that require continuous,
non-resting motion—those for which rest-to-rest trajectories are neither representative
nor sufficient. Canonical examples include wiping a surface, swimming, or walking,
where motion generation must produce sustained activity across cycles. These so-called
rhythmic or periodic DMPs have spurred extensive research, both within the traditional
dynamical systems formulation (Abu-Dakka et al., 2024; Hu et al., 2024; Ijspeert et al.,
2013, 2002; Kober and Peters, 2009; Kramberger et al., 2018; Nah et al., 2025; Saveriano
et al., 2023; Wensing and Slotine, 2017) and in more recent methods combining simple
latent-space limit cycles with learned diffeomorphic mappings (Khadivar et al., 2021;
Urain et al.,, 2020; Zhi et al.,, 2024). Still, despite these advances, existing approaches
struggle to reproduce non-trivial trajectories—especially those with sharp transitions, high
curvature, or discontinuous velocity profiles, which are common in real-world rhythmic
tasks. Overcoming this typically requires many demonstrations, thus strongly limiting
their applicability in practical settings.

Such limitations are exacerbated by the incapability of classical deterministic DMPs to
generalize across tasks (Jaquier et al., 2025): a fresh or fine-tuned model must be trained for
every new motion or task (Saveriano et al., 2023). Although several studies have introduced
task-conditioned variants—such as conditioning on encoded visual observations (Bahl et al.,
2020; Mohammadi et al., 2024) or adopting probabilistic DMPs formulations (Pekmezci et al.,
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2024; Saveriano et al., 2023; Seker et al., 2019)—these methods often yield incoherent trajec-
tories when presented with tasks they did not explicitly encounter during training (Jaquier
et al., 2025), even when those tasks lie within the original training distribution.

So, despite their promise of being an alternative to data-intensive learning strategies,
DMPs ultimately require a substantial amount of data and a complex training process when
tasks are varied and trajectories are not straightforward. Instead, the ability to generate
purposeful motions in zero-shot settings for unseen tasks will be essential on the path
towards truly generalist autonomous robots in the future.

In this paper, we introduce OSMPs, a framework, visualized in Fig. 12.1, designed to
address the limitations of existing rhythmic motion primitives by learning an expressive,
orbitally stable limit cycle capable of capturing elaborate periodic behaviors. Our approach
imposes a dynamic inductive bias by shaping the latent space according to a supercritical
Hopf bifurcation oscillator; a well-studied system in nonlinear dynamics (Khadivar et al.,
2021; Nah et al., 2025; Strogatz, 2018) that has remained unexplored in the context of machine
learning. This core dynamical prior is complemented by a novel bijective Euclideanizing-
flow encoder, extending the Real NVP architecture (Dinh et al., 2017; Rana et al., 2020).

Under mild architectural assumptions, we prove OSMPs are almost-globally transverse
contracting, so every trajectory converges exponentially—not merely asymptotically—to
the learned limit cycle. A tailored loss suite binds the cycle’s shape and speed to the
demonstration, eliminating the long-standing mismatch between a stable latent orbit and a
highly curved, nonlinear sample. Thus, a single demonstration already yields an effective
policy, drastically outperforming the data efficiency of DPs (Chi et al., 2023). A novel
conditioning—interpolation loss then drives smooth, zero-shot transitions between related
tasks: for example, the model continuously morphs between reverse and forward turtle-
swimming gaits after seeing only those two exemplars. This ability sharply reduces the
need to densely sample the motion task space and further increases data efficiency. We
also introduce solutions for synchronizing multiple primitives in their phase and, without
retraining, affinely scale, translate, or otherwise modulate the learned velocity field, turning
rhythmic DMPs into a practical, data-efficient controller for complex robots.

We rigorously validate our approach in both simulation and on hardware. Quantita-
tive and qualitative benchmarks compare it with classical neural models (MLPs, RNNs,
NODEs), state-of-the-art motion policies like DP (Chi et al., 2023), and diffeomorphic-
encoder methods with stable latent dynamics, including Imitation Flow (iFlow) (Urain et al.,
2020) and Stable Periodic Diagrammatic Teaching (SPDT) (Zhi et al., 2024). Experiments
show our OSMPs accurately track periodic trajectories on diverse robotic platforms—URS5
and KUKA arms, the Helix soft robot, and a hybrid underwater “crush turtle” robot. Ex-
pressed as autonomous dynamical systems, they deliver more compliant, natural behavior
than time-indexed, error-based controllers. We further demonstrate in both simulations
and real-world experiments in-phase synchronization of multiple OSMPs and, via encoder
conditioning, smooth interpolation among several distinct motion tasks with a single
motion policy.

12.1.1 METHODOLOGY IN A NUTSHELL
Below, we provide a brief overview of the OSMP methodology and architecture, as depicted
in Fig. 12.2. Further details are provided in Sec. 12.2. In the DMP framework, an OSMP
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Figure 12.1: Overview of Features and Characteristics of OSMPs. OSMPs enable the learning of periodic
motions from demonstrations while guaranteeing exponential orbital stability & transverse contraction, instilling
compliant and natural motion behavior, and outstanding data efficiency as they are able to learn complex motion
behaviors from just one demonstration. Furthermore, a motion task conditioning allows the same motion policy
to exhibit multiple distinct behaviors while a specially crafted loss term encourages smooth interpolation between
motion tasks seen during training leading to meaningful motion behaviors on task unseen during training (i.e.,
zero-shot transfer).

outputs the desired system velocity as x = f(x;z), with x € R" the configuration and z the
motion-task conditioning. The computation proceeds in three steps: (i) map x into a latent
coordinate y € R” using a z-conditioned bijective encoder (a learned diffeomorphism);
(ii) evaluate the designed latent dynamics to obtain y; and (iii) project y back to the
original space via the encoder’s inverse Jacobian. While the architecture can be trained
under various regimes (e.g., reinforcement learning), this paper focuses on imitation
learning—specifically, behavior cloning—where both the latent representation y and the
predicted velocity x are supervised.

12.1.2 RELATED WORK

While there is a long history of research on both discrete and rhythmic/periodic DMPs (Abu-
Dakka et al., 2024; Hu et al., 2024; Ijspeert et al., 2013, 2002; Kober and Peters, 2009;



264 12 LEARNING STABLE PERIODIC ROBOT MOTIONS FROM DEMONSTRATION

Kramberger et al., 2018; Nah et al., 2025; Saveriano et al., 2023; Wensing and Slotine, 2017),
the expressive power of classical DMPs (Ijspeert et al., 2013, 2002; Kober and Peters, 2009;
Wensing and Slotine, 2017) is limited, preventing them from learning highly complex and
intricate trajectories.

Recently, however, an exciting research direction has emerged that combines dif-
feomorphisms into a latent space—learned using ML techniques—with relatively simple,
analytically tractable (e.g., linear) latent space dynamics to enhance expressiveness while
preserving stability and convergence guarantees (Pérez-Dattari and Kober, 2023; Rana
et al., 2020; Urain et al., 2020; Zhang et al., 2022b). Most of these works focus on point-to-
point motions and aim to ensure GAS (Pérez-Dattari et al., 2024; Pérez-Dattari and Kober,
2023; Rana et al., 2020; Zhang et al., 2022b), although there have also been several works
combining diffeomorphic encoders with rhythmic latent dynamics for learning periodic
motions from demonstration (Khadivar et al., 2021; Urain et al., 2020; Zhi et al., 2024).
However, in the existing methods, either the chosen architecture for the bijective encoder
lacks expressiveness (Khadivar et al., 2021; Urain et al., 2020), the method training is very
sensitive to the initial neural network parameter (Urain et al., 2020), the method does not
learn the demonstrated velocities but only the general direction of motion (Zhi et al., 2024),
or cannot accurately learn very complex oracle shapes (Zhi et al., 2024).

Although the proposed model architecture is similar to that of Zhi et al. (2024), our
training pipeline differs substantially: we incorporate an imitation loss that teaches the
model the demonstrated velocities, replace the Hausdorff-distance objective with a limit-
cycle matching loss better suited to complex or discontinuous paths, optionally guide latent
polar angles with a time-alignment term to capture highly curved, possibly concave, con-
tours, and regularize workspace velocities outside the demonstration to improve numerical
stability during inference. Finally, we allow a parametrization of the polar angular velocity
with a neural network, allowing the learning of complex velocity profiles along the limit
cycle without compromising the strong contraction guarantees.

Furthermore, the above-mentioned methods do not offer solutions for many practical
issues, such as synchronizing multiple systems—a common requirement in locomotion or
bimanual manipulation (Gams et al., 2015)—or to shape the learned velocity online.

We provide a comparison with relevant existing methods in Table 12.1.
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Orbitally Stable Motion Primitives (OSMPs)
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Figure 12.2: Methodology of OSMPs. Periodic motions can be learned from demonstration via a DMP that
combines a bijective encoder with latent space dynamics defined by a supercritical Hopf bifurcation. After
encoding the current oracle space position of the system into latent space and predicting the latent space velocity,
the pullback operator projects the velocity back into oracle space and represents a motion reference for the
various robot embodiments. During training, we enforce both the predicted velocity and the exhibited limit cycle
to match the demonstrations that are, for example, provided via kinesthetic teaching or based on biological oracles.
Multiple contributions increase the practical usefulness of the proposed methods, which include a technique
to synchronize multiple OSMPs in phase, an approach to shape the learned motion online without requiring
retraining via affine transformations or even modulating the convergence characteristics, and a methodology for
conditioning the encoder on the oracle which allows the OSMP to capture multiple distinct motion behaviors
and even smoothly interpolate between them. The depiction of the Euclideanizing flows encoder architecture is
adapted from Rana et al. (2020).

Table 12.1: Comparison of characteristics of proposed methods against relevant baseline methods. In
some cases, we denote with a x* that the feature could (probably) be developed for the respective method, but
was not presented in the original paper. Note: The CLF-CBF-NODE only guarantees convergence to a target
trajectory as predicted by the learned NODE. However, the learned NODE is not guaranteed to exhibit a stable
limit cycle behavior.

Method Model Orb. Stability Velocity N-Policies Task Smooth Task
Expressiveness Guarantees Imitation Sync. Conditioning Interpolation
MLP & RNN Moderate X Noisy X v X
NODE Moderate X v X v X
DP (Chi et al., 2023) High X Noisy X v X
Classical Rhythmic DMPs Limited v v v 7 X
HB-GMR (Khadivar et al., 2021) Limited v/ X x* X X
Imitation Flow (iFlow) (Urain et al., 2020) Moderate v v x* x* X
CLF-CBF-NODE (Nawaz et al., 2024) Moderate X v X x* X
SPDT (Zhi et al., 2024) Moderate v X x* X X
OSMP (ours) Moderate v v v v v
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12.2 METHODOLOGY

In this work, we introduce OSMPs, which can be trained to capture complex periodic
motions from demonstrations while ensuring convergence to a limit cycle that aligns
with a predefined oracle. To accomplish this, we build on previous research (Rana et al.,
2020; Zhi et al., 2024) that combines learned bijective encoders with a prescribed motion
behavior in latent space. These latent dynamics generate velocities or accelerations that
are subsequently mapped back into the oracle space via a pullback operator (Zhang et al.,
2022b)—in the case of a bijective encoder, this operator is the inverse of the encoder’s
Jacobian. In this formulation, the motion in latent space exhibits key convergence properties,
such as Global Asymptotic Stability (GAS) (Pérez-Dattari and Kober, 2023; Rana et al,,
2020; Sochopoulos et al., 2024) or Orbital Stability (OS) (Zhi et al., 2024), while the learned
encoder provides the necessary expressiveness to capture complex motions and transfers the
convergence guarantees from latent to oracle space through the established diffeomorphism.

However, compared to existing work (Zhi et al., 2024), we introduce several crucial
modifications that enhance both the performance and practical utility of the proposed
method: (1) we develop a limit cycle matching loss to reduce the discrepancy between
the learned limit cycle and the periodic oracle; (2) we design strategies to modulate the
learned velocity field online without the need for retraining—for instance, to adjust the
convergence behavior; (3) we establish a procedure to synchronize the phase of multiple
OSMPs; and (4) we condition the encoder on a task, enabling a single OSMP to exhibit
multiple distinct motion behaviors. Moreover, we introduce loss terms that allow the
trained OSMP to smoothly interpolate between the learned motion behaviors—something
that has not been possible before.

12.2.1 ORBITALLY STABLE MOTION PRIMITIVES

The dynamical motion policy x = f(x;z) is typically defined in task space but can also
be defined in other Cartesian or generalized coordinates (e.g., joint space). Therefore,
we will, in the following, refer to these coordinates as Oracle space. In this work, we
are specifically interested in cases where we train f(x) to learn periodic motions. Then,
the smooth diffeomorphism between the oracle and latent space is made via a bijective
encoder ¥ : R” — R”, which maps positional states x € R" into the latent states y € R".
Optionally, this encoding is conditioned on a continuous variable z € R as a homotopy such
that y = ¥(x;z). Furthermore, we construct ¥ such that it is invertible and a closed-form
inverse function ¥™! : y > x allows us to map from latent space back into oracle space.
In latent space, we apply dynamics y = f;(y) that exhibit a stable limit cycle behavior. In
summary, the orbitally stable motion primitive is given as

x = f(x;2) = fi(0) Jy' (x:2) f; (¥(x;2)), (12.1)

where Jy = % defines the Jacobian of the encoder. The function fi(x) : R" — Rxg
scales the velocity magnitude and is implemented as f;(x) = eM*™) 4 ¢, where ¢ € Ry is a
small value (Rana et al., 2020). As ¥ is a diffeomorphism (w.r.t. x and y), the motion policy
is orbitally stable by construction (Rana et al., 2020; Zhi et al., 2024).
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DirrFEoMORPHIC ENCODER

We consider a bijective encoder ¥y : R” xR — R", which maps positional states x € R”
into the latent states y € R” conditioned on z € R, where we assume that n € N > 2. The
encoder y = ¥y(x; z) adopting the Euclideanizing flows (Dinh et al., 2017; Rana et al., 2020)
architecture is parametrized by the learnable weights 6 € R" and consists of ny, blocks,
where each block is analytically invertible. If a conditioning is used, z is first lifted into
an embedding z, which is subsequently used to condition each block. More details on the
encoder architecture can be found in the pioneering work (Dinh et al., 2017; Rana et al.,
2020) and Section 12.2.2.

LATENT DYNAMICS
In latent space, we consider the 1%*-order dynamics of a supercritical Hopf bifurcation (Khadi-
var et al., 2021; Nah et al., 2025; Strogatz, 2018; Zhi et al., 2024)

2 2
y1 —w(y)y2+a (1-252 )y
Y Y 2 2
V=192 |2 D= o)y e (1-222) 3 (12.2)
Y3:n —,Byg;,,

where w(y) = f,(atan2(y2, y1)) > 0 determines the angular velocity. Here, the dynamics of
y1 and y, describe the Cartesian-space behavior of a simple limit cycle whose behavior in

. T.
polar coordinates ypo1 = [r ® y;:n] is expressed as

r al|ll- ;—Z) r
Vpol = ¢ |= fi)ol(}}pol) = fole) > (12.3)
y?’:” _ﬂ y3:n

where f,(¢) : [-7,7) - R5 computes the positive angular velocity as a function of
the polar angle. Often, in particular, when employing fi(x) # 1, it can also be set to a
constant: w = 1. If not, we define in practice w(y) = f,(31:2) = eMLP(71:2) 4 e where
_ V1 v 17 . .
V2= g i € R* with ¢, > 0.

a>0and f > 0 are positive gains that determine how fast the system converges onto
the limit cycle. When learning the dynamics, we choose a = f = 1. R € R expresses the
radius of the limit cycle in latent space. Again, it is sufficient to choose R =1 or R = 0.5.

Map from Polar to Cartesian Coordinates The map Apzy(ypo1) : R” — R" from latent
polar coordinates to latent Cartesian coordinates and its inverse hy,,(y) = h;zly(y) is given

by
r cos(p) NEIRBZ]
y= hch(ypol) =\ Sin(fﬂ) s Ypol = thp(y) = atan2(yz, J/I) . (12.4)
V3:n Y3:n

Then, the Jacobian of the Polar-to-Cartesian map % € R™" is given by
po!

ohes cos(p) —rsin(Q) Oix(n-2)
P= = Isin(p)  rcos(p)  Oixnoz) (12.5)
0(n—2)><1 O(n—2)><1 ]In—z

aypol
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We can also substitute yp,o = y into the Jacobian and determine its inverse

1 -2 Onea) == = Oum2)
Ohpae N} yy12+yz o dhpac -1 NG )‘/;yZ \/yy11+yz
- |, =|- O1x(n2)|»
Mol | Vi3 N (n=2) 3Ypol S AR = B Card)
O(n—Z)xl 0(n—2)><1 I O(nfz)xl O(nfz)xl I

which are both full-rank for r = \/y? + y2 > 0.

12.2.2 TRAINING

We consider a dataset (T, X9, X4, Z) asa tuple between timestamps T = (£(1),..., t(k),..., t(N))
positions X9 = (x4(1),...,x3(k), ..., xI(N)), the corresponding, demonstrated velocities
X4 =(x4(1),...,x4(k),...,x3(N)) and an optional conditioning Z = (z(1),..., z(k),..., z(N)),
where ke Ny ={1,2,...,N}.

BryeEcTivE ENCODER

The bijective encoder based on Euclideanizing flow (Rana et al., 2020) / Real NVP (Dinh
et al., 2017) uses coupling layers with the scaling and translation functions parametrized by
Random Fourier Features Networkss (RFFNs) that integrate ELU activation functions and a
hidden dimension of 100. The number of encoder layers/blocks varies by the complexity of
the task and ranges from 10 for simple tasks to 25 for very complex tasks. At the start of
the training, the encoder is initialized as an identity mapping.

(ANGULAR) VELOCITY SCALING NETWORK
The optional velocity scaling network f;(x) is parametrized by a three-to-five-layer MLP(x)
(depending on the nonlinearities and discontinuities that the demonstration velocity profile
exhibits) with a hidden dimension of 128 and LeakyReLU activation functions.

Similarly, the angular velocity network w(y) = f,(31:2) = eMLPG:2) 4 ¢ wwhere V1.2 =

g
\/h 7\/% € R? with €, = 107, is parametrized by a five-layer MLP with a hidden

dimension of 128 and LeakyReLU activation functions.

Loss FUNCTIONS
The total training loss function is then given by

L= é(vi Ly + glcm Liem + gtgd Etgd + ger Lo + gvr Lo+ é/sci L

—_——
Vel. Imitation  Limit Cycle Matching Time Guidance Encoder Reg. Vel Reg. Cond. Interpolation

(12.7)
where (i, {lems Gigds ers Gvrs Gsei € R are scalar loss weights. Ly; is a loss term that enforces
that the velocity of the motion primitive matches the one demanded by the demonstration
at all samples in the demonstration dataset, L}, ensures that the encoded demonstration
positions lie on the latent limit cycle. The time-guidance loss L4 can support the limit
cycle matching loss for highly curved demonstrations. The term L., regularizes the
encoder by penalizing deviations from the identity encoder. The optional L gives rise to
smooth interpolation between different encoder conditioning. The discretionary velocity
regularization loss {y; increases the numerical stability by penalizing very high velocities.
In the following, we define each loss term formally.
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Velocity Imitation Loss Analog to the literature on stable point-to-point motion primi-
tives (Rana et al., 2020), the predicted oracle space velocity is supervised by a smooth #;
loss (Girshick, 2015), which computes a squared term if the absolute error falls below S,
and the ¢, term otherwise, and can be formally defined as

d(k)s2(k) -3 (k . .
. i G000 200) - 14K, < B

_Nk=1 Hf(xd(k) z(k)) - xd(k)H1 —1, otherwise

MHZ

(12.8)

where we choose f,, = 1.

Limit Cycle Matching Loss Next, we consider a subset of the demonstrations P C Ny
that exhibit a periodic motion. To guarantee the OS of the learned system, we need to make
sure that the learned limit cycle matches the periodic demonstration. For this purpose, we
design a limit cycle matching loss Ljcy, in latent space

(= [N+ 50
Y3:n

R] oo ZIIyS(k) |

P ’

-1 d _
R p®=1,

(12.9)
keP

where |P| is the cardinality of P, and y = ¥(xd;2) € R" is the latent encoding.

Time Reference Guidance Loss For strongly curved oracles, we have found it advanta-
geous to use the oracle’s time parameterization to steer how its positions map onto the
latent polar angle. Doing so spreads the oracle samples uniformly around the latent-space
limit cycle, preventing the encoders from bunching up in one angular sector while leaving
other portions of the cycle without corresponding oracle points.

First, we compute for each position contained in the rhythmic demonstration a desired
latent polar angle based on the normalized time reference. Simultaneously, we evaluate
the actual encoded polar angle of x%(k) as

()

(k) = po+27 == (k) = atan2 (P(x(k); z(k))2, {¥(x(k); z(k))}1),  (12.10)

where ¢, is the polar angle anchor and P is the period of the rhythmic demonstration.
Subsequently, we define a positive alignment loss between the

max (’mod((pd(k) —o(k)+ 7, 27r) - 71" - mtgd,O)2
g ’

Liga = (12.11)

keP
where mygq € R is the allowed margin between the time reference and the actual polar
phase and the function n,(e,) = mod( ep(k)+m, 27'[) — 7 normalizes the polar angle error

ep(k) = 93(k) — p(k) into the interval [, 7).

Encoder Regularization Similar to Zhi et al. (2024), we employ an encoder regulariza-
tion loss Ly ey that penalizes deviations from an identity encoder y = ¥(x) = x. We draw
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in each epoch N random positions samples x(k) ~ U (%min, Xmax)V k € Ny from a uniform
distribution within the workspace [Xmin, Xmax] Of the system. Then, the loss is computed as

o = ¥(x:2)|
Lo = e 12.12
=Xy (1212
Velocity Regularization The velocity-imitation loss Ly; constrains the predicted ve-
locities only along the demonstration trajectory. When demonstrations are sparse and
clustered, large regions of the workspace receive no direct supervision on velocity magni-
tude, even though orbital stability and transverse contraction are still guaranteed. However,
in practice, large predicted velocities frequently lead to numerical instability. Therefore, it
can be helpful to regularize the predicted velocities.
For this purpose, we draw in each epoch N random positions samples

x(k) ~ U (%min, Xmax) Y k € Ny (12.13)

from a uniform distribution within the workspace [Xmin, Xmax| of the system. Then, the
loss is computed as

L= 3 UG 2= o, 0)

, 12.14
> (12.14)

k=1
where m € Ry is the margin. In practice, we choose my; to be 50% higher than the maximum
velocity magnitude in the dataset in order not to conflict with the L; objective.

Smooth Conditioning Interpolation Loss Next, optionally, we can add a loss term
that encourages a smooth interpolation of the learned limit cycle between conditionings z.
We assume that all conditionings in the dataset z(k) € Z, where Z = {z(1),..., z(k), ..., z(N)},
are bounded in the interval [ Zmin, Zmax|. Now, consider a convex hull

conv(Z) = [min(Z), min(Z)] = [Zmin, Zmax]-

Next, we draw Ng; random conditionings from a uniform distribution: Z(j) ~ U"(conv(Z)) €
R with j € Ny,,. Additionally, we also generate Ny; samples on the latent limit cycle by
uniformly sampling polar angles ¢(j) ~ [—, ) and subsequently first map into Cartesian
latent coordinates and then into oracle space using the inverse encoder

y(j) = [Rcos(p(j)) R sin(p(}) Og—z]T, NOER SCIOR:6) (12.15)

Now, we define the floor |-| and ceil [-] functions that round down, or up to the next
conditioning z € Z in the dataset

|z =max{z € Z |z <z}, [Z] =min{z€Z |z > Z}. (12.16)

Then, the target for X(j) that represents a smooth linear interpolation between conditioning
|z] and [Z] is given by

z(N-120)]

()= lﬂj)J*’m(W(jﬂ‘lﬂj)D (12.17)
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where
EIQIER SO HE O N EOIER SO HEODE (12.18)

Finally, the smooth conditioning interpolation loss can be formulated as

Nsci (mnp s ~7 \\2
['sci = Z M (1219)

j=1 N, sci

12.2.3 INFERENCE

Maintaining discrete-time stability demands that the OSMP—or any DMP—runs at suffi-
ciently high control rates. This requirement becomes even tougher when computational
resources are limited, as in our turtle-swimming setup where the OSMPs runs on a Rasp-
berry Pi 5. To minimise latency, we sought to shorten the OSMP’s inference time by
exploiting PyTorch’s compilation and export utilities. Unfortunately, most current PyTorch
compilers/exporters are incompatible with autograd, which we still need at inference to
obtain the encoder Jacobian Jy = %‘}’(x; z). Consequently, we explored modern options
in the torch. func namespace—including combinations of vmap with the forward
and reverse functional Jacobian operators (jacfwd, jacrev) and the vector-Jacobian
product (vjp). Our analysis, presented in the Sec. 12.3.7, shows that simple two-point
finite-difference schemes for the Jacobian compile and export cleanly, run quickly, and
yield Jacobians whose accuracy is very close to the analytic solution. In practice, we use
an (absolute) step size §; = 5107* such that

](X' Z) ~ [ ¥G+8y e1:)-¥(xi2) Y(x+8x ej;2)—¥(x;2) P(x+68x en;z)—P(x;2) (12’20)

X 53( X

where e; € R" is the jth canonical basis vector in x-coordinates. This allows us to exploit
AOTInductor, a specialized version of TorchInductor, to export a compiled executable, which
runs at up to 15kHz on the M4 Max CPU - a 9x increase over the standard eager inference
mode.

In case the Jacobian of the encoder Jy(x;z) exhibits close-to-singular values, the nu-
merical stability of the inference, can be improved by computing the inverse as Ji!(x;2) =
(Jg(x;2) + €ny I,) ", where, for example, €, = 107°.

12.2.4 ONLINE SHAPING OF THE LEARNED MOTION
In order to improve the practicality of using the learned orbital motion primitives, we
introduce in this section approaches that allow us to modulate the learned velocity field to
adjust the task or modify its characteristics without having to retrain the OSMP.

First, we introduce variables that allow us to spatially translate and scale the learned
velocity field

xB)-x°, ) . (12.21)

x(t)=f(x;2):=st f (Sf,z
Here, sf € Ry controls the spatial scale of the velocity field. When s; = 1, the executed
motion primitive is equal to the learned motion primitive. x° € R" defines the origin of the

velocity field.
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However, we are not limited to affine transformations such as translation and scaling.
Additionally, we can adjust the period and convergence characteristics of the velocity field
online. Specifically, by scaling the polar angular velocity w(¢) with the factor s, € R, we
can either slow-down (0 < s, < 1) or speed-up (s, > 1) the periodic motion. Furthermore,
the convergence of trajectories onto the $! limit cycle can be made more or less aggressive
by adjusting the convergence gain kcony € Rso. Usually, we set @ = = kcony Sw-

Finally, constraints in the oracle or actuation space (e.g., joint limits, environment
obstacles) might pose challenges to the deployment of the orbital motion primitive in
real-world settings when the system is initialized (far) off the oracle. In these situations, we
would not want to start our periodic motion directly, but instead, we would first converge
into a neighborhood around the oracle that is collision-free. We devise a strategy that is
able to accomplish such behavior by scaling the polar angular velocity & as a function
o : Rso = R of the distance from the limit cycle dj.

max(dic — Rsm, 0)2
202

sm

dic =

\/(\/y12+y22—R)2+2{‘—z v}

. oO=o0(p,di) =exp (—
n—1

) w(p), (12.22)

where dj. € R>¢ the Euclidean distance of the latent state y from the limit cycle normalized
by the DOF. The mapping dj. — & can be intuitively interpreted as follows: in a tube
of radius Rgy, around the limit cycle, we apply the nominal polar angular velocity w(¢).
Outside of that tube, we reduce the angular velocity using a Gaussian function with RMS
width oy, € Rs¢. In the limit dj. — oo, the polar angular velocity is zero: limg, . 0(dj) = 0.

12.2.5 PHASE SYNCHRONIZATION OF MULTIPLE MOTION PRIMITIVES
In many real-world applications, it is essential to synchronize the phases of multiple learned
(orbital) motion primitives (Gams et al., 2015). For instance, in turtle swimming, the phases
of the two limbs must align, while in (human) walking, the periodic movement of the two
legs should be offset by . To address this, we developed a controller that can synchronize
the motion of two or more systems. Here, we consider that we trained ny OSMPs. We refer
to the latent state of the ith system, where i € N,_, as ;. The polar phase of each system
is given by ;¢ = atan2(;y,,;y1). We then construct a symmetric matrix 6®* € R(ns=Dx(ns=1)
that contains the desired phase offsets. For example, §@}; = 6@; € [, ) specifies the
desired phase offset between the ith and the jth system. In the case of §&* = (s~ Dx(ns=1),
we ask the phase difference between all systems to be zero. We then adopt a technique from
the field of network synchronization (Dérfler and Bullo, 2014) that allows the alignment
of the OSMPs in phase. Namely, we define a feedback controller that acts on the angular
velocity of the latent system

i&(@) = 0(p) (1—kPSZsin(5<D;‘j+i(p—j(p)>, (12.23)

j=1

where w(¢),® € R are the default and modified polar angular velocities of the systems,
respectively. k,s € R is the phase synchronization gain that determines how quickly the
systems synchronize.
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12.3 EXPERIMENTS AND RESULTS

12.3.1 OSMPs ARE ASYMPTOTICALLY ORBITALLY STABLE AND TRANS-
VERSE CONTRACTING

In this section, we analyze the convergence characteristics of OSMPs from a theoretical

perspective. Specifically, we show that OSMPs exhibit Asymptotic Orbital Stability (AOS)

and under which conditions they are transverse contracting and lead to Exponential Orbital

Stability (EOS)

PROOF OF ASsYMPTOTIC ORBITAL LYAPUNOV STABILITY

In the general setting, we show that OSMPs possess AOS. This property was noted—but not
fully proven—in earlier work (Urain et al., 2020; Zhi et al., 2024). Instead, in the following,
we formally prove AOS.

Theorem 4. Let a,,R >0 and fy(x) : R" > Ry and z be constant. Then, the dynamics
x = f(x;z) are asymptotically orbitally stable under the transverse Lyapunov function

aR? 2 1
Vx(x;z):T(yf—kyg—Rz) +§y3T:n,By3;n . (12.24)
y=¥(x;2)

Proof. Step 1: Proof of Orbital Stability in Polar Latent Dynamics. Consider the
transverse Lyapunov candidate (Manchester, 2011) for the polar latent dynamics ypo =

fpol(yPol)
R’ 2 n2 1 7
Vpol(yp01)=az(r —R?) + V3B ysin (12.25)

We can demonstrate that V| is a valid Lyapunov candidate with respect to the limit cycle
Opol ={r,peR,y3.n € ]Rn72|r =R, @ €[-m,7),y3.n = 0,2} via

R? 2
Vpol(po) = & —= (R* = R*)" =0, ¥ypo1 €0, (12.26)
and
aR*  , 2 1 ¢ n
Vool (¥pol) = T(r —-R ) +5y3:n/3’y3:n>0, Y¥pol € R* N\ Opo1. (12.27)
20 >0

The time derivative of the Lyapunov candidate perpendicular to the orbital flow [0 folo) 0] '
is given by

a(l—%)r

. oV, 2
Vpol,fpou(ypol) = 7yfpol,J_ = [—0{ (1_ %) r 0 ﬂY3:n] 0 s

aYPol —ﬁ
Yaen (12.28)

2\ 2
r
=—a? (1—R2> rz—y;:nﬁzyg;n <0, Y¥pol e]R"\OPOl.
N
N >0
>0
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with VPOL ool (}/pol) = OVypol € Opol-

Step 2: Proof of Orbital Stability in Cartesian Latent Dynamics. First, we define
the limit cycle in latent space as Oy = {y € R"|\/y? + y% = R, y3.n = 0} The Lyapunov
function in Cartesian latent coordinates y = hpsc()po1) can be stated as

aR? 2 1
V(1) = Voot(hyap(3)) = == (¥ + ¥: = R*) "+ 295 B ysim: (12:29)

Naturally, the two conditions on the Lyapunov candidate V(y) = 0¥y € Oy and V,(y) >
0Vy € R"\ Oy still hold. As the flow orthogonal to the orbit is given by

yi+y3

a(1-222)
RZ
2
fyL(J/)_ "y Cfpou(hczp(y)) a(1-252) 5, (12.30)
=B Y3in

the corresponding time derivative of the Lyapunov function can be computed as

oV, (J/) Vpol(hCZP(Y)) ahch(ypol)

ay aypol

fra¥) =

fpoI,J_(Ypol)

5

Ypol=hezp(¥)

Vsty,L (y) =

anol(ypol) ahc2p ahch
= ay ay ay fpol,J_(Ypol)
pol pol Vpol=hezp(y)
In

5

(12.31)

_ anol(Ypol)

<0, VyeR™\O0,.
aypol Y Y

Vpol=he2p(y)

fpol,J_(}’pol)

Step 3: Proof of Asymptotic Orbital Stability of OSMP Dynamics. Similar to prior
work (Rana et al., 2020; Urain et al., 2020; Zhi et al., 2024), we transfer the orbital stability
guarantees back into oracle space. The orbit/limit cycle in oracle space is given by Oy =
{x e R"|ly = ¥(x;2),/¥? + y? = R, y3.n = 0,—2}. Then, define the Lyapunov function by
substituting y = ¥(x; z) into Vy(y)

a R? 2 1
Vi(x;2) = Vy(¥(x;2)) = e (yl2 + yg —RZ) + 5Y3T:n/3y3:n , (12.32)

y=¥(x;2)

which still admits to the properties Vy(x) = 0¥x € O and Vi(x) > 0Vx € R"\ O4. The flow
orthogonal to the limit cycle can be expressed as

For(x) = £() J3 ' (x32) £, (¥(x; 2)). (12.33)

Similar to Step 2, but now also considering the oracle-space velocity scaling fi(x), we
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derive the time derivative of the Lyapunov function orthogonal to the limit cycle flow as

Vg 0= 250 g = WO o i ey
y=¥(x;z)
_ y(y) 1
= fs(x) Jo(x;2) Jy (x52) fy,0 (F(x;2)) ) (12.34)
\__________E:________., y=¥(x:z) ’
= fs(x) y(}’) %, J_(ypol) <0, Vx€R"\Ox.
T a y="¥(x;2)
<0
O

PROOF OF TRANSVERSE CONTRACTION

Now, we move to analyzing the transverse contraction conditions. To our knowledge,
earlier studies have not tackled EOS or contraction (Lohmiller and Slotine, 1998). When a
velocity scaling is applied in the original coordinates—as in Euclideanizing flows (Rana
et al., 2020)—such guarantees cannot be established unless the scaling factor is explicitly
bounded. By contrast, if no velocity scaling is used in the x-coordinates (i.e., f; = 1), we
can prove contraction in the directions orthogonal to the limit cycle, a property known
as transverse contraction (Manchester and Slotine, 2014). Transverse contraction implies
EOS, ensuring trajectories converge to the limit cycle at an exponential rate.

This section is organized as follows: First, we provide formal definitions of (transverse)
contraction and EOS. Subsequently, we prove transverse contraction of the polar latent
dynamics. Then, we transfer this proof into Cartesian latent coordinates and, finally, also
into the original/oracle coordinates.

Definitions

Definition 1. An autonomous system x = f(x) with is said to be transverse contracting in
the region x € X CR" with rate { € Ry if a positive definite metric M(x) > 0 € R™" exists
such that

5T (aj;(xX)TM(x)-i-M(X) a];ix) +M(x)+2§M(x)> 5,<0 VYxeX (12.35)

for all 6, # 0 orthogonal to the flow satisfying 8] M(x) f(x) = 0 (Manchester and Slotine,
2014).

Definition 2. Let x = f(x) be an autonomous, transverse contracting system in the region
x € X CR" with contracting rate { € Rsq. Also, consider the non-trivial T-periodic solution
x1c(t) € X that defines the solution curve Xjc = {x € R" : 3t € [0,T) : x = x.}. Then, the
solution x.(t) is said to be exponentially orbitally stable as there exists a k > 0 such that for
any xy € X

inf |x(£)— 2 < k inf [xo—xcl2 e " (12.36)
1€ X]e 1€ X]e
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Please note that the notion of EOS, also referred to as transverse exponential stability,
is stronger than the commonly used AOS as it guarantees exponential convergence to
the orbit/limit cycle (Manchester, 2011).

Proof of Transverse Contraction of Latent Dynamics in Polar Coordinates First,
we prove that the latent dynamics in polar coordinates ypol = fpol(¥pol) are transversely
contracting: i.e., they are not contracting along the polar phase variable ¢, but contracting
orthogonal to the flow f,01(3p01) (Manchester and Slotine, 2014). Inspired by a recent proof
of transverse contraction for the Andronov-Hopf oscillator with state (r, ¢) (Nah et al.,
2025), we define the following Proposition.

sqs T
Proposition 1. Leta,>0,R>0, f,(r) : [-m,71) = Rso, and ypo1 = [r 0] y;n] € Vpol-
Then, the latent dynamics in polar coordinates from (12.3) are transverse contracting under
the metric

1 @ 1_;73
2 , AL 01><(n—2)
Mpoi(Ypo) = | a(1-%5 >0€eR™™, (12.37)
pollYpo 2
_lfaﬁgrz m(p(p(r) 01x(n-2)

0(n—2)><1 0(n—2)><1 I

2
with the contraction rate {01 > (i—uj +ﬂ) ﬁ in the region
€

Ypol = {ypol €ERMre €Rsg,r 21,0 € [—77,7[)}. (12.38)

Proof. The proof consists of three steps: proof of positive-definiteness of the contraction
metric, and the fulfillment of the orthogonality and contraction conditions in order to meet
the conditions for transverse contraction stated in Theorem 3 of Manchester and Slotine
(2014).

Step 1: Positive definite contraction metric. Positive definite contraction metric
Mpol(¥pol)- In order for Myo1(¥po1) € R™" to be a valid contraction metric, we need to
ensure that it is positive definite (i.e., that the real part of its Eigenvalues is positive
Y¥pol € ypol). For this to be the case, the following condition, derived from the smallest
Eigenvalue of the contraction metric {in(Mpol(¥pol)), must hold

()12 +1 \/(R4f£(<p)r4) mfw + (—2R4fj(q))r2) Mee(r) + (40{2r6 —8R2a%r* + 4R% % r? +R4f5(q))) -
2re 2R f,(p)r? =

(12.39)
which can be ensured if the following two conditions hold

Myy >0, (R4) mi(p(r)wL (—2R4f£(q0)r2) Mpe(r)+ (40{2 r® —8R%a?r* + 4R*a*r? +R4fa2)(q))) <0.
(12.40)

Solving the quadratic equation results in

R £,(0)+ 2@ N—rA T 2R —RA|r|

RE [y ()12 (12.41)

0 <mgy,(r) < m‘;};(r) =
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Thus, for example, the choice of m,(r) = m‘;l(’p(r) admits to the stated condition. Then, the
Eigenvalues of the M,01(ypo1) are given by

R%f,(@)+ a~—r*+2R?r2 — R*|r|
M. =

G1a( pol(”)) R f,(p)r? >
with Re({12(Mpo1(r))) > 0Vr € Rso. Therefore, Myo1(Ypo1) > 0Vr € Rs.

Step 2: Orthogonality condition. Let §,, | = ¢ [1 0 1 n—Z] " with ce R be the incre-
mental motion orthogonal to the flow. Then, the contraction metric (12.37) fulfills the
orthogonality condition for the stated choice of §yp, (Manchester and Slotine, 2014)

{3:nMpoi(r)) = 1. (12.42)

0
2_,2y2
5;;;01 Mpol(Ypol)fpol(Ypol) = [C 0 ¢ llx(n—z)] m(p(p(r)fw(q)) —a? (lifw(t/z) =—cfysn.

_ﬁyS:n

(12.43)

Since —c f y3., converges uniformly to zero, the orthogonality condition defined in (12.43)
converges to zero and is, therefore, fulfilled!.

Step 3: Transverse contraction condition. The transverse contraction condition is given
by (Manchester and Slotine, 2014)

9 fpol ' Ofpol -
5;’—;101 (a_';:ol Mpol(Ypol) + Mpol(ypol) F}:ol + Mpol(}’pol) +2 évpol Mpol(ypol) 5yp01 <0,
2¢? 5 2a )
7 (gpol(r +1)— <R2+ﬁ> r ) SO,
(12.44)
where
-3¢ 0 0
afpol R2 £0) 1x(n—2)
= 0 %7 01><(n—2) >
aypol ¢
| 0(n72)><1 0(r172)><1 _ﬁ]In—Z
[ 2 2 a(Rz—rz)(a(Rz+r2)+R2%) 0 (12.45)
. 2 T Re R¥7 fo(p) 1x(n—2)
Mpol = a(RZ—r2)<a(R2+r2)+R2%) R2_p2 _Ompy
RT7 () O~ T 01x(n—2)
0(n72)><1 O(n72)><1 O(nfz)x(nfz)
We can simplify (12.44) to
1 2a
2
2c (gpol <1+r2> . (R2+ﬁ>> <o,
2a
Got (FP+1) - <Rz+ﬁ> r? <o, (12.46)

ISee proof of Theorem 5 in (Manchester and Slotine, 2014).
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Given ypol € Vpol (i.e., r > re), we can, therefore, guarantee that the actual contraction rate

admits to the lower bound
[ Ly re (12.47)
pol = | Rz rZ+1’ '

O

In practical robotics settings, the contraction rate is particularly relevant for the region
r > R? (i.e., the system is outside the defined limit cycle contour) In such a setting with

re = R, the contraction rate is given Vr > R by {01 > 2 R2+1 and for R=1by {po1 > a+ ﬁ
This illustrates well how the latent dynamics, «, 8, allow us to modulate the contractlon
behavior of the system.

Proof of Transverse Contraction of Latent Dynamics in Cartesian Coordinates

cps T
Proposition 2. Letw >0, a,>0,R>0,and y = [y1 V2 y?,T:n] € Y. Then, the latent
dynamics in Cartesian coordinates from (12.2) are transverse contracting under the metric

dhpae " Ohpye !
Mpol
9Ypol 9Ypol

M, (y) = >0 €eR™™N, (12.48)

Ypolzh;zlc (y)

with the contraction rate {), > (%”2{ +ﬂ) r2+1 in theregion Y = {y €R"|re €Rso, Y2+ V52T }

Proof. Again, the proof consists of three steps: proof of positive-definiteness of the contrac-
tion metric, and the fulfillment of the orthogonality and contraction conditions in order to
meet the conditions for transverse contraction.

Step 1: Positive definite contraction metric. As shown in Proposition 1, My, () >

-1
Zl;pzi ) =nvVy €Y, M,(y), as defined in (12.48), is
po!

0Vy €R". As My, is square and rank (

positive definite (Petersen et al., 2008).
Step 2: Orthogonality condition. Let the incremental motion orthogonal to the flow be
defined as

ah 2C Y1 ) T
By=—"=0y, [ = oo 1 - (12.49)
I i S T LT
The orthogonality condition is then given by
8y My(y) fy () ==cB y3:n. (12.50)

Since —c f y3., converges uniformly to zero, the orthogonality condition defined in (12.43)
converges to zero.

Step 3: Transverse contraction condition. The transverse contraction condition can be
stated as

5}(?3 My()+My(y) == oy +My(y)+2§y y(y)>5 <0

ZL (—2a(y} +y3) - BRA (¥} +y§)+gyR2(y12 + 3+ R) <0 (12.51)
R2(y+y3)

—Qa+BRO(yE+ ¥+ LR}y +ys +1) <0.
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Subsequently, we can isolate the contraction rate in the inequality condition

6 < (2“ +/;> Vitys (12.52)

R? Vi+yi+1
Now, if we define the contraction region as /y? + y2 > r. > 0, we can guarantee a transverse

2
Te

contraction rate {j, > (i—”{ +ﬂ) 251 VY € Y. O

Proof of Transverse Contraction in Oracle/Original Coordinates

Theorem 5. Let a, >0, R> 0, and z € R be constants. Also, choose fy(x) =1 and w(F1:2) :
R? — Rsg. Then, the OSMP dynamics x = f(x;z) defined in (12.1) are transverse contracting

in the region X = {x e R"|J{¥(x, )3 +{¥(x, 2)} > 0}.

Proof. The proof consists of the following steps:

1. Proposition 1 proves that the polar latent dynamics are transverse contracting in the
region Vol = {ypol eRMr>0,p€ [—7‘[,77.')}.

2. Proposition 2 shows that the same transverse contraction properties hold in the
Cartesian latent coordinates with dynamics y = f(y).

3. Existing work (Beik-Mohammadi et al., 2024; Jaffe et al., 2024; Manchester and
Slotine, 2017) demonstrates that such contraction properties also hold after a change
of coordinates x = ¥~!(y;z) that is defined by a smooth diffeomorphism, which is
the case for our encoder based on Euclideanizing flows (Rana et al., 2020). This is
equivalent to proving the transverse contraction of the oracle space dynamics as

filx)=1.
O

Intuitively, Theorem 5 tells us that two trajectories starting from any initial conditions
outside the exact center of the limit cycle will converge exponentially to the same periodic
orbit (Manchester and Slotine, 2014), demonstrating almost-global contraction. This, in
turn, implies almost-global exponential orbital stability: no matter the initial conditions
(as long as they are outside the center of the limit cycle with r = 0), the trajectories will
reach the stable limit cycle specified by the OSMP in exponential time.

12.3.2 OSMPs ExHIBIT A HiGH IMiTATION FIDELITY AND ENSURE

GLoBAL CONVERGENCE TO THE ORACLE

We conduct both quantitative and qualitative evaluations of OSMPs against several baselines.
Specifically, we evaluate the transverse contracting/exponentially stable variant of OSMP
with f;(x) = 1. The baselines include classical neural motion policies—MLPs, RNNs, and
LSTMs—that directly predict the next system position, plus NODEs (Chen et al., 2018),
which instead predict the desired velocity. We also compare with state-of-the-art robotic
imitation-learning methods such as DPs that predict system trajectory over a horizon and
existing SMPs designed for periodic motion, namely Imitation Flows (iFlow) (Urain et al.,
2020) and SPDT (Zhi et al., 2024), predicting system velocities.
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TRAINING

The OSMP motion policy is trained by a AdamW optimizer (Kingma and Ba, 2014; Loshchilov
and Hutter, 2018) with (81, f2) = (0.9,0.999) and a default weight decay of 1 = 1071°. We
employ a learning rate scheduler that sequences a linear warmup phase (usually 10 epochs),
with a relatively short constant learning rate period and subsequent long cosine anneal-
ing (Loshchilov and Hutter, 2016) period for the remaining epochs. We remark that we
don’t use a minibatch-based training strategy but instead process all given demonstrations
in a single batch. Please note that we also apply the described training procedure to the
baseline methods if not explicitly mentioned otherwise.

DATASETS

In the following, we will introduce the datasets that we considered for the evaluation. We
note that before training, all positions contained in the datasets are normalized to the
interval [—0.5,0.5] with zero mean.

IROS Letters Originally published by Urain et al. (2020) and later adopted for bench-
marking by Nawaz et al. (2024), the IROS Letters dataset provides several demonstrations
for each character (IShape, RShape, OShape, and SShape), sometimes spanning multiple
cycles. A noteworthy characteristic is that demonstrations of the same task are widely
separated in state space, posing a challenge for deterministic policies. We smooth every
trajectory with a Savitzky—-Golay filter (order 3, window 8). Because the IShape sequence
contains very few sample points and large gaps between consecutive states, we upsample
it by a factor of 5. The duration of the demonstrations is chosen as 20s.

Drawing2D The Drawing2D dataset introduced by Nawaz et al. (2024) offers four demon-
strations of a kidney-bean-shaped periodic drawing. We train a separate motion policy
for each demonstration, applying the same Savitzky—Golay filter (order 3, window 8) for
smoothing. Trajectories are normalised to a SI20s duration.

Image Contour We contribute a new benchmark category based on image contours
that range from simple shapes (Ellipse, Square) to highly intricate outlines such as the TU
Delft flame logo, Bat, and Eagle. Compared to prior benchmarks like IROS Letters (Urain
et al., 2020) and Drawing2D (Nawaz et al., 2024), these oracles introduce sharp corners (e.g.,
Star, Bat), strongly concave curves (e.g., TUD-Flame), and discontinuous velocity profiles
(e.g., Star, Bat, Eagle), all of which are difficult for most DMP-based approaches. We extract
each outline with OpenCV (Bradski, 2000) and lightly smooth it using a Savitzky—-Golay
filter (order 3, window 25). Every trajectory lasts 20 s. The list of image contours is: Ellipse,
Square, Star, MIT-CSAIL, TUD-Flame, Doge, Bat, Dolphin, and Eagle.

Turtle Swimming This category contains four datasets. (i) The first two comprise
Cartesian trajectories of the flipper tip of wild green sea turtles (Chelonia mydas) captured
by marine biologists (van der Geest et al., 2022) and represented by Fourier series. We
train on two variants: position only (3-D oracle) and position plus twist angle (4-D oracle),
each with a period of 4.2s. (ii) A subsequent dataset from the same authors applies
inverse kinematics to those trajectories, yielding a three-joint-space oracle for bioinspired
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robotic turtles (van der Geest et al., 2023). After smoothing with a 30th-degree polynomial,
we compute velocities; this oracle has a 4.3 s period. (iii) Finally, we include a reverse-
swimming template defined in joint space by sinusoidal functions, with a 4 s period. This
template was designed by constructing waypoints to produce “reverse rowing” movement
patterns, interpolating between them with a spline, and finally approximating the trajectory
with a Fourier fit.

A key distinction from previous periodic-motion datasets is the pivotal influence of the
velocity profile on swimming performance: if the velocity profile with which the trajectory
is executed is wrong, the cost of transport rises, and in extreme cases, the turtle robot
either stalls or even moves in the opposite direction.

BASELINE METHODS
Next, we formalize the baseline methods that we used during the evaluation.

Trajectory Tracking PD Controller A classical error-based feedback controller track-
ing a time-parametrized trajectory (x9(t), x4(¢), ¥4(t))V t € [to, t;], referred to in this thesis
as Trajectory Tracking (TT), is usually given in the form

%(8) = x4(t) + K, (x3(1) — x(1)), (12.53)

where K}, € R™" is a proportional feedback gain that operates on the error between the
current position x(#) and the desired position x4(1). In practice, we choose a scalar k, € Ry
such that K, = k; I

Multilayer Perceptron (MLP) As the most basic neural motion policy, we consider an
MLP that predicts the next position/state of the system according to the discrete transition
function x(k+ 1) = furp(x). We employ a five-layer MLP with a hidden dimension of
128 and a LeakyReLU activation function. During training, we randomly sample at the
start of each epoch Njyit = 64 initial positions from the oracles contained in the dataset.
Subsequently, we roll out each trajectory for T = 25 steps and enforce an MSE loss between
the predicted x;(k) and demonstrated trajectory x3(k)

ST () - xi(k)”

L. =
*© Ninit K

(12.54)

Recurrent Neural Networks (RNNs, LSTM) For the RNN-like networks (i.e., Elman
RNN & LSTM), we employ a five-layer recurrent neural network with a hidden dimension
of 128. For example, in the case of the Elman RNN, the transition function of the hidden
state hj € R'?® of the jth layer is given by

h;(k) = tanh (Wi, uj(k) + Wan hj(k—1)+b). (12.55)

Here, u;(k) is the input to the jth layer such that u;(k) = x(k) and u;(k) = h;_1(k)Vj €
2,...,5 and the output of the RNN (i.e., the next state prediction) is given by x(k+ 1) =
W, hs(k), where W, € R™128 is a learned matrix. For training, we use the same rollout
procedure and loss L, as in the case of the discrete MLP motion policy, with the difference
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that we initialize the RNN’s concatenated hidden state h = [th hg] Tas h(1) = 0g40
at the beginning of the trajectory and subsequently propagate through each of the 25
transitions.

Neural ODE (NODE) A NODE-based motion policy can be defined as x = fyopg(x)
where fyope(x) : R" = R” is parametrized by an MLP. Specifically, we choose a five-layer
MLP with hidden dimensions of 128 and LeakyReLU activation functions. In addition
to supervising the predicted velocity via Ly;, we compute position-based losses based
on rolled-out trajectories analogous to the MLP and RNN obtained via forward Euler
integration of fyopg(x).

Diffusion Policy (DP) We use the official open-source implementation of DPs (Chi et al.,
2023) and train them on the respective datasets for 250 epochs while employing a batch size
of 256, an AdamW (Kingma and Ba, 2014; Loshchilov and Hutter, 2018) optimizer configured
with a learning rate of 1074, a weight decay of 107, and (B4, B2) = (0.95,0.999) and a cosine
learning rate scheduler with 10 warmup steps. For this task, we define the observation
as the current and last position of the system o(k) = [x"(k—1) x'(k)] " € R?" and the
action as the positional state of the system a = x € R". For each observation o(k), the
DP is trained to predict a sequence of h = 16 actions a(k + 1),... a(k + h), of which during
inference only eight actions are executed before replanning takes place. The sampled
noise is denoised in a sequence of 100 steps via a Denoising Diffusion Probabilistic Models
(DDPMs) squaredcos_cap_v2 scheduler (Ho et al., 2020). The noise samples are
clipped to the range [—1,1] and the noise prediction network is parametrized by a 1D
UNet (Ronneberger et al., 2015) with dimension (256,512,1024), kernel size 5 and global
conditioning on the observation o(k).

Imitation Flows (iFlow) We leverage the official iFlow (Urain et al., 2020) implemen-
tation for the training on the considered dataset. Specifically, we train the model with a
normalizing flows (Rezende and Mohamed, 2015) bijective encoder consisting of 15 ResNet
coupling layers for 1000 epochs with a batch size of 100 using an Adamax (Kingma and Ba,
2014) optimizer with learning rate 107> and (1, f2) = (0.9,0.999). To define the dynamics
in latent space, the method uses a stochastic variant of linear polar limit cycle dynamics
transformed into Cartesian coordinates.

Stable Periodic Diagrammatic Teaching (SPDT) The model architecture of SPDT (Zhi
et al., 2024) is very similar to OSMPs, apart from the parametric angular velocity. Further-
more, in addition to advanced features, such as online shaping of the learned motion, phase
synchronization, and motion/task conditioning, that OSMPs exhibit, the main difference in
training a SPDT lies in the loss function: Instead of employing a velocity imitation loss
Ly, a limit cycle matching loss Licn, a time reference guidance loss Ly, and velocity
regularization loss Ly, SPDT in mainly relies on on the Hausdorff distance to ensure that
the encoded demonstrations match the limit cycle defined in latent space

Lhaus = max{max min dy(k’K),g]IE\lI):] kréln{ﬁ, dy(K,k)}, (12.56)

keNy keNy
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where

dy (k, 1) = ¥ (x(k); 2(k)) =y (1), (12.57)

and yd(k) = [r cos(p(k)) rsin(p(k)) 01_2] TeR"Vke IN,, is a sequence of length N of
positions on the latent-space limit cycle obtained via arranging equally-spaced polar angles
¢%(k) € [-7,7) and subsequently projecting them back into cartesian space with radius
r = R. Additionally, the method also employs the encoder regularization loss L.;.

IMITATION METRICS

We adopt several metrics from the literature that measure how well the motion policy is
able to track the given demonstration, both along the time and spatial dimensions. For
all metrics, we initialize the motion policy at the starting position of the demonstration
(i.e., x(1) = x4(1)) and subsequently roll out the motion for N steps (i.e., as many steps
as included in the demonstration). Subsequently, we evaluate the mismatch between the
actual x(k) € R"Vk € Ny and desired trajectory x%(k) € R"Vk € Ny, where we define
Ny =1,...,N. In case a dataset contains multiple demonstrations, we separately initialize
the motion policy at the starting point of each demonstration and report the mean of the
metrics across all demonstrations. Please note that we compute all evaluation metrics
on the normalized datasets (i.e., with the positions normalized into the range [—0.5,0.5]),
which makes it easier to compare and aggregate metrics across several datasets within the
same dataset category. For all imitation metrics, we rely on the Python implementation by
Jekel et al. (2019) open-sourced in the similaritymeasures package.

Trajectory RMSE The Trajectory Root Mean Square Error (Traj. RMSE), used, for example,
by Khadivar et al. (2021), measures the deviation of the actual from the nominal trajectory
in position space and is computed as

N () —
RMSEy ({x(k)}keny- fx (D keny ) 1= ZZ i ( ) x( ))

k=1i=1

(12.58)

Normalized Trajectory DTW Dynamic Time Warping (DTW) (Sakoe and Chiba, 1978)
searches across all allowable temporal warpings to identify the alignment that minimizes the
Euclidean distance between two time series and is used frequently to benchmark imitation
learning and behavioral cloning algorithms in robotics (Nawaz et al., 2024; Pérez-Dattari
and Kober, 2023; Urain et al., 2020) is defined as

DTW, ({x(bhenys ' (Ohieny) =min Y |0 -x00) . (1259)
(k,x)er

where 7 = ((k1,K1),...,(kn, kN)) is commonly referred to as the alignment path of length
N that contains the sequence of index pairs?. In order for 7 to be a valid alignment path, it
needs to fulfill the following constraints

= (ki k1) = (1,1), an = (ky, k1) = (N,N),
kt+1 - kl € {0» 1}, Ki+1 — K, € {07 1}; kt+1 - kl + Ki+1— K, > 1,

(12.60)

2Although DTW is formally not a valid mathematical metric and instead a similarity measure as the triangle
inequality doesn’t hold, we refer to it here for convenience as one of the evaluation metrics.




284 12 LEARNING STABLE PERIODIC ROBOT MOTIONS FROM DEMONSTRATION

where the first row contains constraints that ensure that the beginning and the end of each
sequence are connected, and the second row verifies that the indices are monotonically
increasing in both k and x and are contained in the sequence at least once. However, as
can be seen in (12.59), the magnitude of the DTW is proportional to the demonstration
length N, which makes it challenging to aggregate the measure across several datasets of
varying demonstration lengths. Therefore, we instead compute a normalized version of
the DTW, the Normalized Trajectory Dynamic Time Warping measure, as

NDTWy ({x(k) eenys iX (k)b keny ) = %DTWX (Ix (O kenys X (hkeny ) - (12.61)

Fréchet Distance Let the Minkowski distance between two points be given by

»
xi(k)—xid(K)’p> Vk,x € Ny, (12.62)

i p(x(R), x4 (1)) = (k) = x4 ()l = (Z

i=1

where we choose the Minkowski order p = 2. Then, for all monotone lattices paths o from
(1,1) to (N,N) that move only right, up, or diagonally-up-right, the Fréchet distance is
given by (Eiter et al., 1994)

D (bR renvy (' (O ) += min mas dop (<R x"(6). (1263)

Velocity RMSE  The Velocity Root Mean Square Error (Vel. RMSE) measures the deviation
of the actual from the nominal velocities along the trajectory and is computed as

N2 (x80k) - (k)

RMSE; ({%(k)}keny 15 (KD heeny ) 1= N

, (12.64)

where x(k) is either directly given by the motion policy (e.g., DMP, OSMP, NODE) or
obtained via finite differences as x(k) = %ﬁ(k_l) (e.g., DP). This metric is particularly
relevant for tasks in which it is crucial that the demonstrated velocity, and not just trajectory,
is accurately tracked, as in the case of turtle swimming.

CONVERGENCE METRICS

Our convergence study pursues two questions: (i) Does the method display orbital stability,
converging to a stable limit cycle from any initial state in the workspace? and (ii) Does
that limit cycle coincide with the desired oracle? Unlike the imitation metrics, we do not
examine timing or velocity profiles; our attention is restricted to the geometric path of the
motion. To the best of our knowledge, no standardized protocol yet exists for gauging the
orbital-convergence behavior of rhythmic motion policies. Therefore, we devised a protocol
based on several rollouts from randomly sampled initial conditions that verifies both the
local and global convergence characteristics of the motion policy, which we describe in
more detail in the next paragraph. We evaluate the convergence metrics on all rollouts and
subsequently compute the mean value over the resulting trajectories.
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Local vs. Global Convergence We evaluate both local and global convergence charac-
teristics of the motion policies. In both cases, we sample randomly 25 positions x¢(x) vk €
1,...,25 from the set of positions contained in the demonstration xd(k)vk €1,...,N. Subse-
quently, we sample an offset Ax,. ~ N'(0,0) € R". Now, we consider x,(1) = x4(x) + Ax, as
the initial position for the rollout of the motion policy. For the local convergence analysis,
we initialize close to the demonstration by choosing ¢ = 0.05. For the global convergence
analysis, we select instead o = 0.15.

Subsequently, we roll out the motion policy for N and 2N steps for the local and global
convergence analysis, respectively, resulting in the trajectory sequences (x,(1),...,x(N))
and (x,(1),...,x¢(2N)). For the global convergence, we strive to give the motion policy
sufficient time to converge to its limit cycle, and therefore, only evaluate the metrics on the
trajectory after the demonstration duration - i.e., we compute the metric on the trajectory
sequence (x(N +1),...,x,(2N)). For simplicity of notation, we assume in the following a
reset of time indices such that k = k—N.

Directed Hausdorff Distance The directed Hausdorff distance (Hausdorff, 1914; Hutten-
locher et al., 1993) computes the largest distance between closest-neighbor correspondences
from the actual convergence trajectory to the desired limit cycle

B () ey X () heeny ) 1= max KI?H{IIAII Hx(k)—xd(;c)Hz. (12.65)

The undirected/symmetric version of the Hausdorff distance was used by Zhi et al. (2024)
for evaluating the similarity between the desired and actual trajectory shape.

Iterative Closest Point MED We use an Iterative Closest Point (ICP) algorithm (Besl
and McKay, 1992) to identify the optimal alignment between the two sequences x4(k)V k €
1,...,N and x(k)Vk € 1,...,N containing the desired limit cycle shape (i.e., the demonstra-
tion) and the actual (asymptotic) behavior generated by the motion policy, respectively,
by iteratively estimating the transformation, consisting of a translation and a rotation,
between the two shapes. After initializing the translation between the points as py = 0,
and the rotation as R = I, each iteration of the ICP algorithm performs two steps

(correspondence-search step) cm(k) == argrréi]{jl ” x(k) — (Rm,lxd(lc)+pm,1) ”
(alignment step)  (Rm,pm) := argRgCi;(ln);” x(k) = (Rx*(cm(R)) +p) s
eR" "7
(12.66)

where the nearest-neighborhood correspondence-search returns a correspondence map
¢ : N — N that provides for each point x(k) on the actual trajectory the closest point on
the desired shape x(c(k)). The alignment-step identifies the optimal transformation that
aligns the two point sequences and is, in practice, implemented using a closed-form SVD
step. After the algorithm has converged to ¢ := ¢+, R := Ry, and p := p+, the Mean
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Euclidean Distance (MED) between the two aligned shapes is computed as

N |x(k) — (Rx4(cn(K)) +p)
MEDcony ({x(k)}kelNN:{xd(k)}kelNN) = Z H N ”2 (12.67)
k=1

Please note that ICP-based MED is designed to compare the shape of the desired and
measured limit cycles. Because the algorithm also finds a single translation that minimizes
the point-to-point distances, two identical shapes that are simply shifted in space will still
produce an MED of zero, even though the measured limit cycle is displaced relative to the
demonstration. Therefore, it is crucial to also always evaluate other metrics, such as the
directed Hausdorff distance.

Table 12.2: Orbitally Stable Motion Primitives (OSMPs) provide the best tradeoff between imitation
accuracy, global convergence characteristics, and computational time when compared to classical
neural motion policies (e.g., MLPs, RNNs, NODEs), current SOTA algorithms such as DPs (Chi et al.,,
2023), and prior work on period motion policies with stability guarantees (e.g., iFlow (Urain et al.,
2020), SPDT (Zhi et al., 2024)). We report the mean =+ std across three random seeds for each dataset/method
evaluation. Entries marked with a * diverged for some random seeds, and we only report the statistics for the
seeds that converged. We label other cases where all random seeds diverged or exhibited extremely high errors
using the co symbol.

Dataset Imitation Metrics Local Convergence Metrics Global Convergence Metrics | Eval. Time
‘ Category ‘ Method Traj. RMSE | Norm. Traj. RMSE | Vel. RMSE | | Hausdorff Dist. | ICP MED | | Hausdorff Dist.| ICPMED| | perStep |
MLP 0.257:£0.011 0.0745+0.0042 0.630+0.011 0.049+0.003 0.011:£0.000 0.039:+£0.003 0.011:0.000 0.0017
ElmanRNN | 0.267+0.011 0.09350.0286 0.680+0.004 |  0.092+0.011 0.013:£0.002 0.048:£0.014 0.013:£0.003 0.0009
LSTM 0.406 £0.058 0.2719+0.0473 0.777£0.055 0.267+0.104 0.032:£0.008 0.149.+0.050 0.019:£0.008 0.0010
IROS Letters | NOPE 0.751£0.573 0.5894+0.5618 0.856 = 0.062 ) o oo N 0.0009
DP 0.255:+0.004 0.0891+0.0029  0.648:+£0.004 |  0.103:+0.001 0.024:£0.001 0.101:+0.001 0.024:£0.001 0.0272
iFlow 0.783+£0.481 0.6832+0.6326 1.317+0.895 1.24841.201 0.441:+0.449 1.242+1.204 0.441+0.449 0.0007
SPDT 0.374 +0.002 0.1406 +0.0017 0.707 +£0.004 0.103 +£0.002 0.027 +0.001 0.098 +0.003 0.027 +0.001 0.0019
OSMP (ours) | 0.344:+0.007 0.1759.4+0.0010 0.895+0.007 |  0.044+0.001 0.010 +0.000 0.03240.001 0.009 0.000 0.0020
MLP 0.039 +0.004 0.0060+0.0002  0.071:+0.004 |  0.046:£0.003 0.005 0.000 0.015+0.001 0.004+0.000 0.0008
ElmanRNN | 0.109:+0.009 0.0457 +0.0382 0.199+£0.011 0.119+0.002 0.012:£0.001 0.041:£0.003 0.009:+£0.003 0.0007
LSTM 0.384:£0.039 0.2891:+0.0911 0.482+£0.121 0.191£0.021 0.017£0.004 0.079:£0.043 0.006 £0.005 0.0008
DrawingzD NODE 0.075:+£0.039 0.02790.0300 0.093+0.028 ) N o o 0.0008
DP 0.178£0.028 0.0858+0.0238 0.245+0.015 0.156 +0.007 0.031:£0.001 0.154:+0.006 0.030:£0.001 0.0494
iFlow 0.337 +0.264 0.2526 +0.3407 0.347 +£0.296 0.921+1.238 0.124 +0.166 0.907 +1.243 0.124 +0.166 0.0007
SPDT 0.462 +0.001 0.2866 +0.0020 0.528+0.019 | 0.070% £0.022%  0.014% £0.006* | 0.049% +£0.025%  0.014* £0.006* 0.0017
OSMP (ours) | 0.053:+0.002 0.006240.0001 0.081+0.000 |  0.040+0.000 0.005 0.000 0.016 +0.000 0.004 +0.000 0.0019
MLP 0.124:+£0.023 0.1049+0.0237 0.106+0.004 |  0.051+0.003 0.006 £0.001 0.030:£0.005 0.004:£0.001 0.0012
ElmanRNN | 0318+0.021 0.2793+0.0197 03970034 |  0.118+0.013 0.010:£0.000 0.059.+0.020 0.004:+0.002 0.0012
LSTM 0.494:£0.024 0.5415:+0.0071 0.719+£0.073 0.220+0.023 0.012:£0.004 0.098 £0.032 0.003 £0.002 0.0385
mage Cont. NODE o0 N N N N N N 0.0009
DP 0.158 +0.016 0.0928 +0.0078 0.228 +0.008 0.113 +£0.005 0.023 +0.002 0.125 +0.005 0.019+0.001 0.0410
iFlow 0337+£0.114 0.2342+0.1799 0.792+0.280 0.688 +0.608 0.047£0.045 0.679:+£0.613 0.047£0.045 0.0014
SPDT 0.433£0.000 0.3453+0.0005 0.454£0.009 0.114+0.014 0.024:£0.000 | 0.094% £0.002*  0.023* £0.001% |  0.0027
OSMP (ours) | 0.033+0.009 0.0129+0.0086  0.050:£0.001 |  0.043+0.002 0.004+0.001 0.016+0.002 0.003 +0.000 0.0028
MLP 0.138£0.001 0.20890.0003 0.294:0.003 |  0.084+0.001 0.112+0.041 0.0360.009 0.089 +0.062 0.0008
ElmanRNN | 0.174:+0.021 0.17560.0286 1.16540.120 0.177£0.037 0.126 +£0.020 0.109 +0.056 0.120£0.013 0.0006
LSTM 0.476 £0.096 0.5712+0.2284 2748 £0.518 0.317+£0.095 0.042:+0.020 0.101:+0.070 0.008 £0.009 0.0008
Turtle Swim. NODE 0.085+0.022 0.0621+0.0223 0.236+0.016 5.133+1.414 1.085+0.247 3198 + 1800 599 +332 0.0007
DP 0.211+0.014 0.1813+0.0526 1.51140.175 0.183+0.017 0.124:£0.022 0.190+0.035 0.129+0.004 0.0382
iFlow 0.242:+£0.144 0.2129.+0.2555 0739+£0329 | 0.590% £0323*  0.183% £0.123% | 03910376 0.187+0.096 0.0013
SPDT 0321:£0.009 0.2616+0.0114 0.671+0.029 0.331+0.042 0.137:£0.005 0.233:£0.071 0.154:£0.027 0.0016
OSMP (ours) | 0.009+0.000 0.0056+0.0008  0.052:+0.000 |  0.135:+0.021 0.114:£0.015 0.045:£0.023 0.112:£0.011 0.0017
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REsuULTS

Table 12.2 summarizes the quantitative benchmarking of OSMPs versus the baselines,
assessing both imitation fidelity and convergence characteristics. To gauge imitation
quality, we compute trajectory and velocity RMSE, together with the DTW distance,
following prior work (Nawaz et al., 2024; Pérez-Dattari and Kober, 2023; Urain et al., 2020).
Convergence is examined at two levels. For local convergence, the system is initialized
near a demonstration; we roll out each policy for one estimated period and compare the
resulting shapes using directed Hausdorff distance and MED after aligning the sequences
with ICP. This scenario reflects small deviations from the desired limit cycle caused by
low-level control errors or external disturbances. For global convergence, the system starts
farther from the demonstrations. We roll out the motion policy for two full periods, then
compute the same shape metrics on the second half of the rollout, allowing each policy
sufficient time to settle into its limit cycle before measuring how closely that cycle matches
the target demonstration.

Our benchmarks span several dataset categories. We include datasets used in earlier
studies—such as the IROS letter drawings (Urain et al., 2020) and other 2-D shapes (Nawaz
et al., 2024)—as well as particularly challenging 2-D image contours (e.g., Star, MIT CSAIL
and TU Delft flame logos, Dolphin, Bat), whose tight curves and discontinuous velocity
profiles test the methods limits. In addition, we employ turtle-swimming datasets gen-
erated from biologically inspired oracles; unlike previous work, these sequences require
reproducing not only the positional trajectory but also its complex, nonlinear velocity
profile.

Please note that we train a separate motion policy on each dataset contained in the
dataset category and report the mean of all datasets and demonstrations contained in a
dataset category. In order to give statistical relevance to the results, we conduct three
training runs on each model+dataset combination, where we initialized the neural network
weights in each run with a different random seed. Subsequently, we report the mean and
standard deviation across the three random seeds.

The results in Tab. 12.2 indicate that, across most dataset categories and evaluation
metrics, OSMPs outperform the baselines. They not only converge more reliably than
neural policies without formal guarantees, but also imitate the demonstrations and align
their limit cycles to intricate periodic shapes more accurately than other orbitally stable
methods, including iFlow (Urain et al., 2020) and SPDT (Zhi et al., 2024). This conclusion is
also supported by the qualitative benchmarking in Fig. 12.3, that shows while some of the
baseline methods, such as MLPs, Neural ODEs, or SPDT (Zhi et al., 2024), might be sufficient
for simpler oracles, such as the RShape (Urain et al., 2020), the planar drawing (Nawaz et al.,
2024), or the Star oracle, but fail to track the periodic demonstration for more complex and
highly curved oracles, such as the TUD-Flame or the Dolphin image contour.

ABLATION STUDY LOss FUNCTIONS

In order to quantify the impact of each loss term on the overall performance of OSMP,
we conduct an ablation study and report the statistics of the evaluation metrics across
three random seeds in Tab. 12.3 and qualitative results in Fig. 12.4. It can be seen that the
combination of velocity imitation loss Ly, the encoder regularization loss L,;, the limit
cycle matching loss L¢p, and the time guidance loss Lgq works the best for very complex
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RShape Drawing2D Star MIT CSAIL TUD Flame Dolphin
(Urain et al.) (Nawaz et al.) (ours) (ours) (ours) (ours)

MLP

RNN

Neural
0DE

DP
Chi et al.

SPDT
Zhi et al.

0SMP
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Figure 12.3: Qualitative benchmarking of OSMP against baselines. In this figure, we display the qualitative
benchmarking results when comparing the proposed OSMP against baseline methods, such as MLPs, RNNss,
NODESs, DPs (Chi et al., 2023), or SPDT (Zhi et al., 2024). The various columns represent oracles on which
the motion policies were separately trained, shown as white dotted lines on the plots. The color map and the
streamlines denote the velocity of the learned motion policy when evaluated on a grid. We initialize the trained
motion policies at 10 different randomly sampled initial conditions and roll out their trajectory, visualized using
solid green lines, for a duration of one period.

and curved oracles, such as the TUD-Flame. For “easier” oracles, such as the Ellipse and
the Star, the encoder regularization loss and the time guidance loss can slightly degrade
performance and can be left out of training. For very basic oracles, such as the Ellipse, even
the limit cycle matching loss is not necessary, and it is sufficient to rely on the velocity
imitation loss. Finally, while the Hausdorff (Hausdorff, 1914) loss is suitable for simple
oracle shapes (Zhi et al., 2024), the limit cycle matching loss proposed in this paper is better
suited for complex oracle shapes.

12.3.3 STABLE AND ACCURATE TRACKING OF ORACLES AcCRosSs RoBoT

EMBODIMENTS
While the previous section focused on evaluating and benchmarking the learning of the
OSMP, we now aim to demonstrate that the proposed OSMP can effectively control robot
motion in real-world scenarios. To achieve this, we apply the method to a diverse range of
robot embodiments, including robot manipulators (UR5), cobots (KUKA), continuum soft
robots (Helix Soft Robot) (Guan et al., 2023), and prototypes of hybrid soft-rigid underwater
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Table 12.3: Quantitative results for ablation study on loss functions. We report the mean + std across three
random seeds for each dataset evaluation. As a particular point of emphasis, we compare the limit cycle matching
loss Ljcy proposed in this work with the Hausdorff distance loss as employed by Zhi et al. (2024) as they serve a
similar purpose.

Imitation Metrics Local Convergence Metrics Global Convergence Metrics
Dataset Loss Config. Traj. RMSE | Norm. Traj. DTW | Vel RMSE | | Hausdorff Dist. | ICPMED | | Hausdorff Dist.| ICP MED |
Lyi 0.001+0.000 0.0010 + 0.0000 0.004 +0.000 0.042 +0.000 0.002 +0.000 0.002 £ 0.000 0.001+0.000
Lyi+Ler 0.001+0.000 0.0007 +0.0001 0.004 +0.000 0.042 +0.000 0.002 +0.000 0.001 £ 0.000 0.000 +0.000
Ellipse Lyj+Ler+ Lhaus 0.006 +0.002 0.0025 + 0.0006 0.006 +0.000 0.042 +0.000 0.003 £0.000 0.005£0.001 0.002 +0.001
L’vl +Ler + Llcm 0.000 +0.000 0.0006 +0.0001 0.004 +0.000 0.042 +0.000 0.002 +0.000 0.001 £ 0.000 0.000 +0.000
L:Vl +Ler +L‘lcm + clgd 0.000 +0.000 0.0006 +0.0001 0.004 +0.000 0.042 +0.000 0.002 +0.000 0.001 +0.000 0.000 +0.000
L’vx 0.153 +0.026 0.0817 +0.0193 0.124+0.018 0.368 +0.065 0.068 +0.014 0.350 +0.055 0.062+0.017
L:Vl +Ler 0.172 +0.041 0.1024 +0.0246 0.095+0.008 0.393+0.118 0.072+0.018 0.340 +0.081 0.067 +0.014
Star Ly +Lﬂ'+£haus 0.077 +0.020 0.0144 +0.0040 0.089+0.018 0.041 +0.001 0.006 +0.000 0.015+0.001 0.005+0.000
Lyi+Ler +Llcm 0.024 +0.006 0.0031+0.0007 0.041+0.007 0.044 +0.002 0.003 +0.000 0.013 +0.002 0.002 +0.000
Lyi+Ler +£1cm +£lgd 0.027 +0.007 0.0035 +0.0007 0.049+0.008 0.049 +0.005 0.004 +0.000 0.017 +0.003 0.003 +0.000
Ly 0.116 +0.127 0.0879+0.1198 0.107 +0.058 0.069 +0.042 0.009 +0.007 o oo
Lyi+Ler 0.084+0.070 0.0287 +£0.0352 0.114+0.058 0.082+0.057 0.011£0.010 0.066 +0.072 0.010+0.011
TUD-Flame Lvi+£3r+£haus 0.375+0.048 0.4067 +0.0289 0.180+0.006 0.094 +0.020 0.016 +0.004 0.113+0.030 0.010+0.005
Lvi+£ﬁ+£lcm 0.113+0.084 0.0249 +0.0282 0.114+0.049 0.053+0.018 0.006 +0.004 o o0
Cvi+£er+Llcm +£tgd 0.033+0.008 0.0025 +0.0002 0.073+0.010 0.039+0.003 0.003 +0.000 0.009 +0.001 0.002 +0.000

robots (Crush turtle robot). Figure 12.5 illustrates the effectiveness of OSMPs across all
tested robot embodiments.

First, we deploy the OSMPs trained on image contours on both the UR5 arm and
the Helix soft robot, achieving accurate and stable contour tracking. The deviations and
oscillations seen on the Helix stem not from the OSMP itself but from the low-level con-
troller—particularly inverse-kinematics errors—as demonstrated in Fig. 12.6 and Movie S13,
where we benchmark against a classical trajectory-tracking controller. Also, a quantita-
tive evaluation of the imitation metrics and shape similarity between the actual system
trajectory and the desired oracle shape is contained in Tab. 12.4.

We then target swimming behavior on the Crush Turtle robot using biologically in-
spired oracles collected by marine biologists. Our goal is for the OSMP to drive the two
front flippers, the main propulsion surfaces. We use both a three-dimensional joint-space
oracle (van der Geest et al., 2023) and a four-dimensional task-space oracle comprising
flipper-tip position and twist (van der Geest et al., 2022), each derived from video record-
ings of green sea turtles (Chelonia mydas) (van der Geest et al., 2023, 2022). The resulting
joint-space velocity commands are executed by the robot’s actuators. Experiments show
that OSMPs enable accurate tracking of the biological oracle at moderate speeds. Because
of joint-motor velocity and acceleration limits, the system cannot perfectly track shape or
speed at higher s, values; yet even when motion diverges slightly, stability is preserved,
the trajectory rapidly reconverges to the oracle, and the turtle robot successfully swims.
We observe that an OSMP trained on the joint-space swimming oracle yields more effective
propulsion than one based on the task-space oracle—likely because the latter omits the full
3-D pose of the flippers. In addition, the joint-space OSMP avoids kinematic singularities
that can destabilize task-space control.

Next, we test OSMP performance on kinesthetic-teaching demonstrations, which are
typically jerkier and less smooth than the oracles above. In periodic demonstrations, the
trajectory often fails to close exactly, leaving a spatial offset between start and end poses

3The movies are included in the Supplementary Material available at https://doi.org/10.5061/
dryad.4f4qrfjrd.
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Figure 12.4: Qualitative results for ablation study on loss functions. This figure presents the qualitative
results for the ablation study on the effect of the proposed loss functions on the imitation and convergence
characteristics of the learned motion policy on a selection of datasets demonstrating that the full set of loss
functions improves the quality of the learned velocity field on very complex and highly-curved oracles, such as

the TUD-Flame logo dataset.

that complicates limit-cycle fitting. We investigate a whiteboard-erasure task on a UR5
manipulator and a brooming task on a KUKA cobot. For the UR5, we encode only the
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Figure 12.5: Deployment of OSMPs on diverse robot embodiments. We showcase the motion behavior
generated by OSMPs deployed on various robot embodiments. (A & B) Tracking of image contours with the UR5
manipulator and the helix soft robot. The black line denotes the oracle shape and the red line the trajectory of the
system over a horizon of the past 3 s. (C-E) Forward and reverse turtle robot swimming with the biological oracles
defined either in joint or task space. (F-G) Demonstrations provided via kinesthetic teaching on whiteboard
cleaning (UR5 manipulator) and brooming tasks (KUKA cobot) and subsequent execution of OSMPs trained on
these demonstrations.
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end-effector positions, whereas for the KUKA, we encode both position and orientation.
On the UR5, we observe successful task completion (i.e., cleaning the writing from the
whiteboard), rapid convergence to the limit cycle, and strong oracle tracking, with only
minor errors where start and end points were fused. On the KUKA, tracking error is
somewhat larger—likely due to the demanding six-DOF oracle and low feedback gains in
the low-level controller—but the robot still completes the task reliably and repeats it with
high consistency, even remaining robust to external disturbances and perturbations as seen
in Movie S2.
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Figure 12.6: Supplementary results for stable tracking of oracles across robot embodiments in the real
world. This figure shows the trajectories of various robot embodiments controlled with OSMPs based on data
recorded during real-world experiments. The first row shows the behavior of a UR5 manipulator in task space
where the OSMP is trained on various geometric shape oracles, including an ellipse, a square, and a doge. The
black dotted lines denote the oracle, the orange line is the actual trajectory of the UR5’s end-effector, and the
velocity field is based on the learned OSMP. The second row considers the same trained OSMPs, but this time
evaluates their behavior on a Helix soft robot. The third row presents the behavior of classical trajectory tracking
controllers on the Helix soft robot for the same oracles. Finally, the fourth row contains measurements of the
Crush turtle robot operated (in water) by OSMPs trained on biological oracles, where the black dotted line denotes
the oracle and the colored line the actual behavior of the right flipper arm.
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Table 12.4: Imitation and shape similarity evaluation metrics for real-world robot experiments. We report
the imitation metrics that evaluate the similarity between the actual robot behavior and the oracle/demonstration.
Furthermore, we report shape similarity metrics between the actual trajectory shape and the desired oracle. In
order to compute the metrics, we first identify the alignment between the first oracle time step and the actual
trajectory by identifying the time shift that minimizes the error between the two. Subsequently, we evaluate the
similarity between the oracle and the system trajectory that was resampled to the same timings for the imitation
metrics and to the same number of steps for the shape similarity metrics, respectively. For the Helix soft robot
experiments, we also compare the performance of OSMP against a classical TT controller.

Robot Task/Oracle Speed-up Motion Policy Imitation Metrics Shape Similarity Metrics
Factor s Traj. RMSE | Norm. Traj. DTW | Traj. Frechet Dist. | Vel. RMSE | |Hausdorff Dist. | ICP MED |

Square 2.0 OSMP 0.0094 m 0.0014 0.016 m 0.0225 m/s 0.0077 m 0.0012 m

Star 2.0 OSMP 0.0390 m 0.0083 0.111m 0.0802 m/s 0.0102 m 0.0019 m

URS Doge 2.0 OSMP 0.0090 m 0.0018 0.007 m 0.0230 m/s 0.0071 m 0.0016 m
MIT-CSAIL 2.0 OSMP 0.0178 m 0.0027 0.041 m 0.0426 m/s 0.0063 m 0.0015 m

Dolphin 0.5 OSMP 0.0152 m 0.0016 0.037 m 0.0166 m/s 0.0033 m 0.0007 m

Whiteboard Cleaning 0.5 OSMP 0.0136 m 0.0024 0.031 m 0.0240 m/s 0.0142 m 0.0016 m

Joint Space Forw. Swim. 0.5 OSMP 0.2237 rad 0.0398 0.536 rad 0.3673 rad/s 0.0854 rad 0.0215 rad

Turtle Robot Joint Space Forw. Swim. 1.0 OSMP 0.2544 rad 0.0660 0.590 rad 0.8805 rad/s 0.1790 rad 0.0419 rad
Joint Space Rev. Swim. 1.5 OSMP 0.6715 rad 0.3609 1.835 rad 2.1995 rad/s 0.3815 rad 1.4600 rad

Task Space Forw. Swim. 0.5 OSMP 0.0620 m 0.0244 0.083 m 0.0609 m/s 0.0517 m 0.0125 m

Ellipse 2.0 TT 0.0096 m 0.0126 0.017 m 0.0119 m/s 0.0175 m 0.0122 m

Ellipse 2.0 OSMP 0.0308 m 0.0066 0.055 m 0.0195 m/s 0.0061 m 0.0020 m

Helix Soft Robot Square 2.0 TT 0.0166 m 0.0123 0.039 m 0.0526 m/s 0.0388 m 0.0099 m
Square 2.0 OSMP 0.0216 m 0.0073 0.067 m 0.0302 m/s 0.0112 m 0.0026 m

Doge 2.0 TT 0.0128 m 0.0141 0.033 m 0.0514 m/s 0.0290 m 0.0101 m

Doge 2.0 OSMP 0.0059 m 0.0039 0.011 m 0.0182 m/s 0.0108 m 0.0033 m

12.3.4 THE LEARNED PoLIicIES EXHIBIT COMPLIANT AND NATURAL

MoTION BEHAVIOR

We aim for robots in human-centric environments to demonstrate robust, compliant,
and predictable behavior. Specifically, robustness means that if a robot deviates from its
intended path—perhaps due to a disturbance—it will always converge back to the desired
motion. Compliance indicates that robots should exert only minimal forces when coming
into contact with humans, and predictability ensures that their motions are sufficiently
consistent for humans to anticipate their behavior and respond appropriately.

In this section, we compare the reaction upon disturbances and perturbations of OSMPs
against classical trajectory tracking controllers that rely on a time-parametrized trajectory,
given in the form

x(8) = x9(t) + kp (x3() — x(1)), (12.68)

where k;, € R is a proportional feedback gain that operates on the error between the
current position x(t) and the desired position x4(t). We stress here the reliance on a
time-parametrized trajectory provided in the form (x4(t), x3(¢))V t € [ty, t;]. We evaluate
three motion controllers: a pure feedforward trajectory tracking controller, which we
gather by setting k;, = 0, an error-based feedback controller with k, > 0, and the learned
OSMP. In this setting, we are particularly interested in analyzing the behavior of the motion
controllers upon encountering an external disturbance that perturbs the state of the system
with respect to the time reference. For example, in simulation, we shift the time reference
when initializing the system by half a period (i.e., a phase shift of 7 rad) and in the real
world experiments with the KUKA robot running a low level impedance controller we
apply external perturbations to the system that prevents or disturbs the nominal motion.

The results in Fig. 12.7 and Movie S3 show that the pure feedforward trajectory tracking
controller entirely drifts off the desired trajectory. When adding an error-based feedback
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term, the classical trajectory tracking controller is able to recover and rejoin the demon-
strated trajectory after a bit. However, while doing so, the feedback term generates a very
aggressive correction action, which could cause incompliant behavior and would not seem
natural to humans. Instead, the OSMP, which is solely conditioned on the system state
and not time, is not affected by the perturbation of the time reference and perfectly tracks
the demonstration, immediately returning to the closest point on the limit cycle after a
perturbation, while exhibiting compliant and natural behavior.

12.3.5 ACHIEVING PHASE SYNCHRONIZATION ACROSS MULTIPLE Mo-

TION PRIMITIVES
In many practical applications, such as locomotion or bimanual manipulation, synchro-
nizing multiple motion policies is critical. In this section, we illustrate how our approach
can synchronize multiple learned OSMPs by evaluating the polar phase of each and then
aligning them via an error-based feedback controller (Dérfler and Bullo, 2014). Crucially,
we only adjust the velocity magnitude without altering the system’s spatial motion, thereby
preserving the imitation and convergence properties of each learned motion policy.

In Fig. 12.8 and Movie S4, we show simulation and experimental results for synchroniz-
ing between two and six OSMPs. The simulation outcomes illustrate how the controller
identifies the most efficient strategy to align the OSMPs, achieving rapid polar phase syn-
chronization. A proportional gain determines the aggressiveness of the synchronization
process. The simulation results confirm that the phase synchronization approach is effective
not only for two systems but also for three or more. In complex systems with many DOFs,
we have found it can be more effective to train separate OSMPs and synchronize them
during execution rather than relying on one large OSMP that covers every DOF. With a
joint OSMP, a disturbance in even a few DOFs can pull the rest off the limit cycle—and away
from the oracle—until the system reconverges. By contrast, synchronized but independent
OSMPs are insulated from such disturbances: if some DOFs are perturbed, the remaining
DOFs managed by their own OSMPs can keep tracking the oracle accurately, and the phase
synchronization ensures that all OSMPs stay locked in their phase.

Regarding experimental findings, we examined the swimming performance of the
Crush turtle robot. Tests in a swimming pool revealed that the robot can swim effectively
only when both front flippers—the primary means of locomotion in water (van der Geest
et al., 2023, 2022)—are fully synchronized. In practice, even aside from external disturbances
and inherent differences between the flippers, desynchronization occurs already during
initialization when the flipper arms start in slightly different configurations with varying
polar phases. Our results show that using our method, the two flipper arms synchronize,
even with flippers initialized far from the oracle, within 4.72 s to less than 1° in phase error,
and subsequently for the entire experiment exhibit a mean phase error of less than 0.2°,
thereby enabling the turtle robot to swim effectively.

12.3.6 SMOOTH INTERPOLATION BETWEEN MOTION BEHAVIORS ViA
ENCODER CONDITIONING

As robotics shifts toward generalist motion policies that choose among varied behaviors

based on task, state, and perception, those policies must support multiple skills rather than

one (Black et al., 2024; O’Neill et al., 2024; Team, 2025). Leveraging semantic cues—e.g.,
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embeddings from vision-language models—could supply such conditioning, yet dynamic
motion-primitive work seldom tackles it. Existing methods (Pérez-Dattari et al., 2024; Pérez-
Dattari and Kober, 2023; Rana et al., 2020; Sochopoulos et al., 2024; Zhi et al., 2024) also lack
smooth interpolation between trained behaviors. Examples include applications such as
surface cleaning, where the robot must in the future seamlessly switch wiping motions as
materials change. In locomotion, blending oracles for flat walking and stair climbing enables
natural movement over moderately stepped terrain. Such cases underscore the need for
motion policies that transfer to unseen tasks with few- or zero-shot generalization (Jaquier
et al., 2025).

We introduce task conditioning in the bijective encoder through a scalar variable z € R,
allowing the desired motion behavior to be selected online by simply setting z. To ensure the
learned policy transitions smoothly across behaviors (e.g., for z € [—1,1]), we add a loss term
L during training. As illustrated in Fig. 12.9 and Movie S5, both simulation and hardware
experiments with the turtle robot show that (a) a single OSMP faithfully reproduces all
behaviors encountered during training, and (b) L. promotes smooth interpolation between
oracles, enabling meaningful zero-shot performance on unseen tasks that fall within the
training distribution. An ablation study—comparing against an OSMP trained without
Li—confirms this finding. Crucially, switching behaviors requires no elaborate sequence:
once z is updated, the OSMP’s convergence guarantees rapidly steer the system to the new
behavior, preserving EOS for constant or slowly varying conditioning values.

12.3.7 INFERENCE TIME BENCHMARKING

We benchmarked multiple inference modes and Jacobian-estimation schemes for an OSMP
trained with the CorneliaTurtleRobotJointSpace oracle; the outcomes are listed in Tab. 12.5.
Here, “inference time” is the wall-clock duration—measured on an Apple MacBook M4
Max CPU—for a single forward pass (batch size = 1), averaged over 1000 runs.

Because numerical Jacobians reduce accuracy, we also computed the velocity RMSE
with respect to the demonstrated velocities. In addition, starting from the oracle’s initial
states, we determined the trajectory RMSE. Unlike Section 12.3.2, we did not enforce the
demonstration’s fixed integration step; instead, each rollout used a step size equal to the
model’s measured inference time. Consequently, faster models are integrated with finer
temporal resolution, potentially achieving higher numerical accuracy.

The results reveal an interesting trade-off: models with an exact Jacobian run more
slowly, whereas those using approximate Jacobians support higher control rates and can
sometimes track the trajectory more precisely thanks to the finer integration grid. Switching
from analytical to numerical Jacobians increases the velocity RMSE by 12.5 %, yet the lowest
trajectory RMSE is obtained with an Ahead-Of-Time (AOT)-compiled model that employs
numerical Jacobians — 36 % lower than an eager-mode baseline with autograd Jacobians.
This improvement stems from the roughly ninefold reduction in integration step size made
possible by the compilation speed-up.

We note that this Trajectory RMSE tradeoff highly depends on the specific trained
model, the oracle, and the available inference hardware. For example, the advantages of a
high control rate are particularly pronounced where fast velocities are needed, such as in
the case of a turtle swimming. Therefore, we recommend a separate analysis for each use
case if losing accuracy via numerical Jacobians can be outweighed by a faster inference
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Table 12.5: Numerical Jacobians allow for compilation of the motion policy and inference rates of up to
15000 Hz on modern CPUs. We evaluated the OSMP model trained on the CorneliaTurtleRobotJointSpace dataset
with n = 3 and report the inference time, the Velocity RMSE, and the Trajectory RMSE for various inference modes
and methods for computing the Jacobian of the encoder Jy. It is crucial to describe the evaluation procedure of
the Trajectory RMSE. We begin by measuring the inference time for a single motion-policy step, from which we
derive the control frequency at which the policy can run. We then execute the policy using a time step equal to
this measured inference time, so a faster model, with its shorter step, can integrate the trajectory more finely and
may, therefore, attain higher accuracy as long as it doesn’t compromise the performance with a lowered velocity
prediction accuracy.

Inference Mode Jacobian Method Inference Time [ms] | Vel. RMSE | Traj. RMSE |

Eager Autograd 0.563 0.00841 0.0315
Eager VJp 0.474 0.00841 0.0326
Compiled VJp 0.116 0.00841 0.0270
Eager Numerical 0.441 0.00946 0.0236
Compiled Numerical 0.117 0.00946 0.0212
Export Numerical 0.135 0.00946 0.0212
AOTInductor Numerical 0.064 0.00946 0.0202

time.
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Figure 12.7: OSMPs exhibit compliant and natural motion behavior. In this figure, we analyze the motion
behavior of OSMPs upon perturbations and interaction with humans and the environment. We compare the
behavior of OSMPs against classical error-based trajectory tracking controllers x(t) = x9(¢) + kp (x4(t)—x(¢)) that
operate on a time-parametrized reference x%(t), where kp € Ry is the proportional control gain. (A) Simulations
with time perturbations where we compare the behavior of traditional, time-parametrized trajectory tracking
controllers against the OSMP. Here, the dashed black lines denote the oracles/demonstrations, the solid blue
lines the behavior of a pure feedforward trajectory tracking controller with zero feedback gain k;, = 0, the orange
line the behavior of an error-based feedback trajectory tracking controller with k;, = 1, and the green line the
behavior of the learned OSMP. Compared to nominal scenarios, we perturb the time reference - i.e., the time
reference exhibits a 7 offset in phase with respect to the initial position. (B) Experiments on a KUKA cobot that
runs a compliant low-level impedance controller where a human interacts with the robot and exerts disturbances
on the robot, comparing the behavior of the trajectory tracking controller with a feedback gain k, = 1. We
also plot the Cartesian distance with respect to the time reference (trajectory tracking controller only), the
next low-level control setpoint x = (¢), and the closest point on the oracle over time. Experiments on a KUKA
cobot equipped with a compliant, low-level impedance controller while a human interacted with the robot and
deliberately introduced disturbances/perturbations. The study compares the trajectory-tracking controller’s
behavior with a feedback gain of k;, = 1 against that of the OSMP. We also plot, over time, the Cartesian distance
to the time-indexed reference (trajectory-tracking controller only), the next low-level control setpoint x*(t), and
the distance to the nearest point on the Ellipse oracle. In the snapshots, the red line represents the past trajectory,
and the blue line the trajectory of past low-level control setpoints.
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Figure 12.8: The error-based feedback controller successfully synchronizes multiple OSMPs in their
phase. Results for the phase synchronization of multiple motion policies. (A) Simulation results for the phase
synchronization of two and three OSMPs on the Ellipse and Dolphin oracles, respectively. The first row shows
the Cartesian-space evolution of each OSMP, where the color of the markers communicates the time information.
The second row shows the position vs. time, and the last row shows the polar phase ¢ of the systems over time.
(B) Experimental results for phase synchronization of the robotic turtle flippers for turtle swimming based on
the joint-space oracle. Naturally, the flippers are initialized at the start of the experiment at slightly different
positions, causing a phase offset. If this phase offset is not corrected and the flippers remain unsynchronized (left
side), the turtle robot doesn’t swim or only very slowly. On the right side, the flippers rapidly synchronize, which
leads to successful swimming. (C & D) Comparison of a “large”, joined OSMP trained on two systems compared
to “small” OSMPs trained on each system separately and then synchronized during inference. When one of the
systems is initialized off the oracle/perturbed, this leads the other system controlled by the joined OSMP to drift
off its own limit cycle as well. Contrarily, the synchronized separate OSMPs do not cause each other to drift off
the limit cycle.
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Figure 12.9: Smooth interpolation between distinct motion behaviors via encoder conditioning. Re-
sults demonstrating the conditioning of the encoder on multiple learned motion behaviors, including smooth
interpolation between behaviors. (A) Graphic explaining the formulation of the L loss. (B) OSMPs trained
with L on multiple image contour transition datasets - horizontal ellipse to vertical ellipse (HE2VE), square to
CSAIL logo (Square2CSAIL), and horizontal ellipse to square to - evaluated for various, both seen and unseen
during training, task conditioning values. (C) Ablation study for OSMPs trained without and with the smooth
conditioning interpolation loss Ly, where we smoothly vary the conditioning value over the duration of the
trajectory (e.g., z=0at t =0 to z = 1 at t = 140 s) (D) Turtle swimming motion for various conditioning values,
ranging from z = —1 (reverse swimming joint space oracle) to z = 1 (forward swimming joint space oracle), with
z =—0.5 and z = 0.5 unseen during training.
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12.4 D1SCUSSION

Convergence Guarantees The first result introduced in the previous section is theoreti-
cal in nature: we establish that the proposed OSMP guarantees almost-global asymptotic
orbital stability. Under mild architectural conditions, this further strengthens into almost-
global exponential orbital stability via transverse contraction. Yet this result is not merely
of theoretical interest—it carries profound practical implications. Indeed, it ensures that,
regardless of network weights or conditioning, any trajectory converges exponentially
fast to the learned limit cycle. Exponential convergence prevents slow-dynamics plateaus
where the system might otherwise stall, while the near-global basin drastically reduces the
need for far-reaching training data coverage. Together, these properties yield significant
gains in data efficiency, as they obviate the need to densely sample the state space. Be-
yond training, exponential convergence also facilitates system-level analysis and enhances
modularity. Most critically, contractiveness plays a central role in enabling policy reuse
and transfer learning: while interconnecting merely stable systems can lead to instability,
contracting systems are provably composable and lend themselves naturally to transfer
and hierarchical control (Angeli et al., 2025; Ofir et al., 2022).

In the same spirit, it is important to underscore that our stability results hold uniformly
for any fixed conditioning value z, thereby reinforcing their relevance for transferability.
This property suggests robustness not only to different instances within a task family
but also to transitions across them. While outside the current scope, it is natural to ask
whether convergence still holds under time-varying conditioning z(t), such as during
policy switching. Thanks to the global nature of the underlying result, the extension to
the case where z(#) eventually stabilizes (i.e., z(t) = zo for ¢ > t’) is straightforward. More
ambitiously, we believe that the exponential convergence rate can be leveraged to establish
stability even under piecewise-constant z(t), including non-smooth transitions over finite
horizons. This opens the door to formal tools for designing learning-based schedules of
optimal conditioning patterns—a direction we leave for future investigation.

Quantitative Benchmark Quantitative benchmarks show that OSMPs surpass most
baselines across the majority of dataset categories. They display superior convergence
— especially when initialized far from the demonstration—compared with classic neural
motion policies such as MLPs, RNNs, LSTMs, NODEs, and even state-of-the-art DPs (Chi
et al., 2023). While other orbitally stable approaches like iFlow (Urain et al., 2020) and
SPDT (Zhi et al., 2024) guarantee convergence to a limit cycle, they often struggle to (a)
imitate highly curved shapes or discontinuous velocity profiles and (b) ensure that the
resulting limit cycle accurately reproduces those complex demonstrations. For example,
compared to SPDT (Zhi et al., 2024), OSMPs are able to imitate the velocity profile, and
their limit cycle captures the oracle shape 5x more accurately, as the global convergence
analysis shows. The few cases in which baselines outperform OSMPs highlight avenues
for improvement. On the IROS letters dataset (Urain et al., 2020), DPs (Chi et al., 2023)
achieve lower imitation errors, likely because widely separated demonstrations of the same
letter must be captured by a single policy, which favors probabilistic methods like DPs and
iFlow over deterministic ones, such as NODEs, SPDT, and OSMPs. For image-contour data,
MLP policies slightly edge out OSMPs when starting near the demonstration but degrade
markedly when initialized farther away. Regarding inference time/runtime, OSMPs demand
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more computation than classical neural policies (which forgo gradient evaluations during
inference) and iFlow (Urain et al., 2020) (given our more expressive bijective encoders),
yet they strike a favorable performance-to-inference-time balance and are 10-20x faster
than standard diffusion policies (Chi et al., 2023). Note, too, that the timings in Table 12.2
stem from unoptimized, eager-mode inference; with numerical gradients and PyTorch
ahead-of-time compilation, OSMPs can run at up to 15 kHz on modern CPUs, as shown in
Tab. 12.5.

Real-World Experiments When moving to real-world experiments, we quickly real-
ized how the interpretable latent-dynamics structure allows us to inspect post-training
how closely the learned cycle mirrors the periodic demonstration, promoting predictable
behavior when the policy is deployed on a real robot. This aspect will require further
quantification in future work.

On the UR5 robot, OSMPs are able to track the oracle with directed HausdorfT distance
between 3mm and 14 mm. As the Helix soft robot employs a less accurate low level
controller, the shape tracking accuracy drops to 6 —11 mm. Still, OSMPs outperform
classical trajectory tracking controller in terms of shape accuracy on the Helix soft robot
by approximately 60 — 65 %.

OSMPs enable highly successful locomotion in the turtle robot by leveraging biologically
derived swimming oracles. Although oracle tracking is not perfectly precise (directed
Hausdorff distance of 0.085-0.382 rad)—especially at higher speeds due to motor limits and
external disturbances like water drag—the system remains stable, quickly reconverges to
the limit cycle, and keeps the limbs nearly perfectly synchronized.

Next, we trained individual OSMPs on multiple kinesthetic-teaching demonstrations
for the UR5 and KUKA manipulators. Although some demonstrations were jerky and
uneven, the OSMPs accurately captured the intended motions: the UR5 achieved a 100 %
success rate in cleaning the whiteboard using the learned policy. Similarly, the KUKA
robot consistently completed the brooming task over many repetitions—despite limited
execution speed and tracking accuracy imposed by the low feedback gains of its impedance
controller—and even succeeded when its motion was perturbed by external disturbances.

Although orbital stability is always guaranteed, large deformations in the learned dif-
feomorphism can push the system far from the demonstrated path. On real robots, that drift
is risky because joint position and velocity limits—or a finite task-space workspace—can be
violated. We saw this on the Crush turtle robot, whose joint range and velocity/acceleration
caps constrain what the low-level controller can track. Two design choices proved helpful:
(i) encoder regularization during training and (ii) a sliding-mode-style motion modulation
that first draws the system into a neighborhood of the oracle before advancing along the
polar phase. Since motion directly on the oracle is usually feasible, these measures prevent
most of the problems. Looking ahead, embedding CBFs could explicitly keep the system
out of infeasible or unsafe regions in the oracle space, echoing recent advances in the DMP
literature (Davoodi et al., 2022; Mohammadi et al., 2024; Nawaz et al., 2024; Simmoteit et al.,
2025).

Phase synchronization is vital when deploying OSMPs for turtle swimming: without it,
the limb controllers—lacking an explicit time parameter—would drift out of phase, sharply
increasing the cost of transport. Instead, our phase synchronization strategy is able to keep




302 12 LEARNING STABLE PERIODIC ROBOT MOTIONS FROM DEMONSTRATION

the mean phase error between the two flippers at less than 0.2°. The same synchronization
strategy can be applied in the future to other platforms, such as bipedal or quadrupedal
robots. We also demonstrate that training separate OSMPs and synchronizing their phases
at runtime can outperform a single large OSMP, as disturbances affecting one subsystem
do not pull the others away from their limit cycles.

Conditioning DMPs on task information enables them to produce purposeful motions
for tasks never encountered during training, marking a paradigm shift that opens the
door to zero-shot transfer of convergence-guaranteed motion policies to far more complex,
unseen scenarios. Here, we take an initial step toward that vision: our training procedure
enables smooth interpolation between motions observed in the dataset. For instance, a
single OSMP trained on both forward and reverse turtle swimming can effortlessly blend
the two behaviors into a continuum. Crucially, the orbital stability is always preserved,
even when the shape of the stable limit cycle changes as a function of the conditioning z.

Limitations The proposed OSMP exhibits several limitations that highlight promising
directions for future development. First, it presumes prior annotation of the demonstra-
tion’s attractor regime, requiring that each trajectory be segmented to isolate the periodic
portion and implicitly modeled as a limit cycle. While our approach accommodates sharp
turns and discontinuities more robustly than existing baselines, such features still induce
sizable deformations in the learned vector field. These deformations manifest as locally
aggressive dynamics, where nearby trajectories may temporarily diverge markedly before
reconverging toward the limit cycle.

Second, like other time-invariant dynamical motion primitive frameworks (Ijspeert
et al.,, 2013, 2002; Pérez-Dattari and Kober, 2023; Rana et al., 2020), OSMP inherits the
limitation of being ill-posed under intersecting demonstrations or oracles—situations that
demand multi-valued flows at a single point in state space. In addition to existing ideas in
literature (Sun et al., 2024), formulating the motion policy as second-order dynamics or
augmenting the dynamics with an explicit notion of trajectory progress could resolve this
ambiguity by lifting the state into a higher-dimensional phase space.

Looking ahead, we envision extending the framework to support multiple classes of
attractors—such as point attractors with GAS, multistable basins with Multistability (MS),
and limit cycles with Orbital Stability (OS)—within a single primitive. The supercritical
Hopf bifurcation already captures a transition between equilibrium and periodic behavior,
suggesting that the inclusion of an additional “attractor type” parameter could generalize
the formalism to support richer behaviors (Strogatz, 2018). Finally, replacing the explicit
conditioning variable z with implicit observation-based embeddings (e.g., task images or
object states) would make OSMP compatible with vision-language-action models such as
_0 (Black et al., 2024) and SmolVLA (Shukor et al., 2025), offering a path toward more
expressive and versatile control policies.

12.5 CONCLUSION

In this chapter, we introduced an approach for learning periodic/cyclical motions from
demonstrations using OSMPs, where—similar to DMPs (Ijspeert et al., 2013, 2002)—the
motion policy is parametrized by a dynamical system. We combined the advantages of ML
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methods, such as their high expressiveness, with nonlinear system theory to ensure that
the periodic motion is tracked via a limit cycle that exhibits AOS and transverse contrac-
tion. This is achieved by integrating a learned bijective encoder based on Euclideanizing
flows (Dinh et al., 2016; Rana et al., 2020), which establishes a diffeomorphism between
the oracle and latent space, with fixed, inspectable dynamics in latent space provided by
a supercritical Hopf bifurcation (Strogatz, 2018). Compared to previous work (Zhi et al.,
2024), our approach significantly improves the accuracy of matching the periodic demon-
stration to the generated limit cycle. Furthermore, benchmarking against standard ML
techniques shows that OSMPs guarantee convergence, whereas traditional methods such
as RNNs and NODEs (Zhi et al., 2024) often exhibit spurious attractors. We also validate
our method extensively in real-world settings across various robotic platforms, including
robotic manipulators and cobots, soft robots, and bioinspired hybrid soft-rigid underwater
robots.

Moreover, we developed several techniques to enhance the capabilities of dynamic
motion primitives. These include online reshaping of the velocity field to adjust convergence
characteristics without retraining, synchronizing multiple OSMPs in phase via an error-
based feedback term, and enabling the same motion policy to learn multiple distinct
behaviors by conditioning the encoder on the task. With the addition of a tailored loss
term, we can even achieve smooth interpolation between two motion behaviors.
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CoNcLUSIONS & FUTURE WORK

This final chapter summarizes and examines the key findings of this dissertation. First, we
revisit the various contributions of this thesis, evaluate their potential impact on the field,
and acknowledge observed limitations. Next, we outline directions for future work. We begin
with general recommendations for the field of soft robotics and then detail several specific
avenues for future research, ranging from community-wide efforts to establish a safety metric
to integrating SMPs with Vision-Language-Action (VLA) models, which aims to achieve high-
performance, generalist motion control of (soft) robots while preserving robustness, compliance,
and decision interpretability.
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13.1 CONCLUSIONS

In the following, we will begin by summarizing the conclusions associated with each key
contribution of this thesis. Next, as detailed in Sec. 13.1.7, we will synthesize overarching
insights, with a particular focus on the core contribution.

13.1.1 CONTRIBUTION I - SAFETY METRIC

Addressing RQ 1, we introduced in Chapter 3 a quantitative safety metric for soft robots
by modeling the collision dynamics between a soft robot and a human from first principles.
Following the ISO standards for cobots (Standard, 2016), we use the maximum contact
pressure/stress during a collision as a proxy for injury severity. To keep the evaluation com-
putationally efficient, we derived a conservative upper bound that allows for a closed-form
expression of the maximum contact pressure. Notably, the proposed SRISC accommodates
collisions along the entire continuum of the soft robot and is built on validated dynamic
models that incorporate its inertia, elasticity, and actuation. We then apply this metric
to assess a soft robotic design by evaluating the maximum SRISC under its operating
conditions.

We acknowledge that our safety metric has not yet been experimentally validated,
which should be an emphasis for future work. Additionally, to ensure computational
tractability, we made several simplifying assumptions—such as neglecting dissipation,
using a linear spring contact model, modeling the human as a constrained point mass, and
limiting the number of backbone segments—which result in a conservative injury severity
estimate. This conservative bias might lead, for example when leveraging the metric for
safety-aware control, to overly cautious robot behavior.

In Section 13.2, we give recommendations for future research and interesting applica-
tions for the proposed safety metric.

13.1.2 CONTRIBUTION II - LEVERAGING KINEMATIC MODELS FOR SOFT
RoBOT SHAPE SENSING

Answering RQ 2, in Chapters 4 and 9, we demonstrated that kinematic models, such as
PCC (Webster Il and Jones, 2010), can be employed for shape sensing by solving a nonlinear
optimization problem that aligns sensor measurements with the backbone shapes attainable
by the chosen kinematic model. We proposed two approaches: one using cameras, where
the robot perceives and tracks its environment combined with vSLAM algorithms, and
another utilizing embedded magnets with magnetic sensors. Both methods were validated
experimentally on a pneumatically-actuated soft segment.

Future work should evaluate the reliability and performance of the proposed method
on multi-segment robots. In addition, since current proprioception techniques rarely
incorporate dynamic model information when filtering state estimates, we recommend that
future studies explore nonlinear observers (Shao et al., 2023) to enhance state estimation.

Connected to this contribution, we have observed promising recent work (Caroleo
et al., 2025) that integrates commercial sensors—specifically, miniature TOF sensors—for
soft robot proprioception by analyzing environmental motion within the soft body’s local
frame. This approach, akin to the vSLAM method presented in Chapter 4, could benefit
from incorporating kinematic model knowledge to improve shape sensing.
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13.1.3 CoNTRIBUTION III - CONTROL WITH ADVANCED PHYSICS-BASED

ACTUATION MODELS FOR SOFT RoBOTS
Examining RQ 4, in Chapters 5 and 8, we derived physics-based actuation models for
soft robots from first principles and demonstrated how to leverage these models for con-
trol—using methods like mapping into actuation coordinates (Pustina et al., 2024a) and
backstepping (Khalil, 2002). For planar HSA robots, we further validated both the model
and controller through extensive experiments.

However, the wide range of soft robot actuation modalities—from pneumatic and
tendon-driven systems to dielectric elastomers, metamaterials (Zaidi et al., 2021), and shape
memory alloys—poses a significant challenge for the community, as each actuation method
requires its own tailored modeling approach and specialized controller - something we
recommend future work to address (Copaci et al., 2020; Soleti et al., 2024, 2025).

13.1.4 CONTRIBUTION IV - INTEGRATING PHYSICAL STRUCTURE AND

STABILITY GUARANTEES INTO LEARNED MODELS
In this thesis, to tackle RQ 4, we proposed two methods to integrate physical structure and
stability guarantees into learned soft robot models. By physical structure, we mean a for-
mulation of the dynamics that explicitly defines potential and kinetic energy terms. Rather
than modeling the entire dynamics with a black-box approach (e.g., a neural network),
both methods leverage existing physics-based dynamic models by identifying their free
parameters. This process can optionally include a coordinate transformation or encoding
into a latent space to enhance expressiveness and reduce dimensionality.

The first method, presented in Chapter 10, introduces a data-driven strategy for deriving
a PCS-based kinematic model. Our approach explicitly balances the trade-off between
configuration dimensionality and backbone shape reconstruction accuracy. An Euler-
Lagrange dynamic model is then derived, with its parameters identified in closed form.
Stability for both open-loop and closed-loop systems can subsequently be analyzed using
Lyapunov arguments (Khalil, 2002), similar to previous work on physics-based soft robotic
models (Della Santina et al., 2023).

The second method, described in Chapter 11, focuses on learning the latent dynamics
of soft robots through a network of nonlinearly coupled harmonic oscillators. This strategy
provides a clear mechanical interpretation of the latent space, as each latent variable
corresponds to the position of an oscillator. Moreover, the kinetic and potential energy
terms inherent to this system enable us to prove its open-loop stability—specifically global
asymptotic and input-to-state stability—using established Lyapunov techniques. A current
limitation of the latent dynamics approach presented in Chapter 11 is that the input encoder-
decoder—crucial for converting physical actuation into a forcing on the oscillators and vice
versa—is not guaranteed to be a diffeomorphism. This may result in an incorrect mapping of
the control input to the system’s actuation. Future work could, therefore, explore bijective
neural-network encoders, such as those based on normalizing flows (Kobyzev et al., 2020),
to learn an analytically invertible mapping of the inputs into latent space.

Finally, we compare the two methods. A major advantage of the strain-model-based
approach from Chapter 10 is its fully white-box nature, resulting in a fully interpretable,
physics-based dynamical model with a strong inductive bias for soft robot dynamics. This
bias improves data efficiency, reduces overfitting, and enhances extrapolation, but it may
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struggle with dynamics such as hysteresis, nonlinear elasticity, deforming cross-sections, or
significant environmental interactions. In contrast, the second approach, through its latent
space encoding, is better equipped to learn a wider variety of dynamics, as demonstrated
in the presented results. Where needed in the future, the network can be easily augmented
with additional components (e.g., hysteresis or contact models, discussed in Sec. 13.2).
The expressiveness added by the encoder sacrifices the direct interpretability of the latent
variables as parameters of a kinematic model for the soft robot’s backbone shape.

13.1.5 CONTRIBUTION V - EXPLOITING LEARNED MODELS FOR CLOSED-

Form MODEL-BASED CONTROL

This thesis, while exploring RQ 4, has shown that existing PID+energy shaping con-
trollers (Della Santina et al., 2023; Kelly, 1995, 1998; Kelly and Carelli, 1996; Sciavicco
and Siciliano, 2012) can be effectively combined with learned models that incorporate
a physical structure. In particular, the regulation controller we examined employs an
integral-saturated PID (P-satl-D) (Pustina et al., 2022a) as the feedback component along-
side a potential shaping feedforward term. Here, the proportional term rejects disturbances,
the saturated integral term compensates for modeling errors in a stable manner, and the
derivative term adds extra damping as needed. Meanwhile, the feedforward term adjusts
the potential energy of the learned dynamics so that its local or global minimum coincides
with the desired state.

We applied this control strategy to both the identified PCS-based soft robot dynamics in
Chapter 10 and the learned latent dynamics from the CON in Chapter 11. Simulation results
indicate that the P-satl-D plus potential energy controller effectively steers the system
toward a given setpoint. Notably, the characteristics of the learned potential field are
quite interesting: for the ISS CON, the potential field is guaranteed to be convex, ensuring
that the closed-loop latent space system—shaped by the feedforward term—is globally
asymptotically stable, even if this might not hold for the actual soft robot. In contrast,
the learned PCS-based dynamics can produce a non-convex potential field influenced by
gravitational and elastic effects, which may result in only local asymptotic stability for the
closed-loop system.

Several avenues for future research remain open: (1) experimental validation of the
control strategy with learned models is yet to be performed; (2) while this thesis focused
on setpoint regulation, extending the approach to trajectory tracking controllers would be
both interesting and valuable; (3) we have so far considered only configurations where the
learned model’s dimensionality matches that of the actuation (i.e., the fully actuated case). In
particular, for learned latent dynamics, exploring underactuated settings (Della Santina et al.,
2023)—where the dynamics have a higher dimensionality than the available actuators—could
enhance the model’s expressiveness. A promising tool for addressing underactuation may
be the mapping into actuation coordinates proposed by Pustina et al. (2024a), which we
have already utilized for the physics-based HSA model in Chapter 6.

13.1.6 CONTRIBUTION VI - BEYOND LOw-LEVEL CONTROL: GENERAT-

ING COMPLIANT MOTION BEHAVIORS FOR SOFT RoBOTS
Finally, exploring RQ 5, in this thesis, we introduced two methods for achieving compliant
motion in soft robots that allow guidance of low-level controllers with setpoints. In
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Chapter 7, we developed a Brain-Machine Interface (BMI) that enables users to control
soft robots through motor imagery. By binary classifying brain signals recorded with a
wearable EEG device, this approach effectively and safely directs the robot’s end-effector.

In Chapter 12, we presented a SMP-based method to parameterize periodic motion poli-
cies using a dynamical system that guarantees orbital stability. This technique allows for the
learning of complex periodic motions from demonstrations without sacrificing stability or
insight into the motion behavior, with the generated velocity commands—whether defined
in task or configuration space—serving as references for low-level controllers. Our results
show that this method produces more compliant and natural motions under environmental
perturbations compared to traditional time-parametrized trajectory tracking.

Both approaches were experimentally validated on HSA and helicoid soft robots (Guan
et al., 2023), respectively, illustrating that techniques originally developed for rigid manip-
ulators can be adapted with minimal modifications for soft robots. However, despite some
initial research (Goldman et al., 2014; Greer et al., 2020; Rao, 2024; Rao et al., 2024; Selvaggio
et al., 2020), high-level motion planning and policy design tailored to soft robots remain
underexplored. Unlike rigid manipulators that avoid unintended environmental contacts,
soft robots should capitalize on contact along their entire bodies to fully leverage their
embodied intelligence. This shift calls for new motion planning strategies that optimally
exploit these interactions.

13.1.7 CORE CONTRIBUTION - SAFE AND PRECISE SOFT ROBOTS via
CLOSED-FORM CONTROL WITH LEARNED MODELS

In the following, we summarize our approach for achieving safe and precise motion in soft

robots by leveraging control strategies based on learned models.

As discussed in Chapter 3, the inherent elasticity of both the structure and the surface of
soft robots enhances their safety compared to traditional rigid manipulators. Nevertheless,
further research is needed to experimentally validate the proposed safety metric and
quantify the additional safety benefits relative to rigid robots.

Existing control methods struggle to deliver precise motion behavior without sacrific-
ing safety. This is because (1) controllers based solely on physics-based models derived
from first principles cannot fully capture the complex dynamics of soft robots—such as
nonlinear elasticity and hysteresis—as well as their interactions with the environment, and
(2) fully learned controllers (e.g., those based on RL) are sample inefficient, provide limited
insight into their decision-making processes, and lack stability guarantees, potentially
compromising safety.

Instead, this thesis, in its second part, proposes controlling soft robots with learned
models, a strategy that combines the expressive power of modern ML techniques with
enhanced data efficiency and improved transparency in decision-making. Although similar
ideas have been explored in the literature on world models and reduced-order models,
existing methods leveraging learned models for control through MPC, optimal control,
or Model-Based Reinforcement Learning (MBRL) is computationally intensive. This com-
putational burden restricts their control frequency and prevents full exploitation of soft
robots’ dynamic capabilities. In contrast, our approach embeds a physical structure into
the learned model, enabling closed-form control and, therefore, significantly boosting
computational efficiency. Specifically, we developed a model-based controller that inte-
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grates an integral-saturated PID (P-satl-D) (Pustina et al., 2022a) with a potential-shaping
feedforward term (Della Santina et al., 2023) for regulation. The key innovation was incor-
porating physical structure into the learned models, which allows us to compute the kinetic
and potential energy of the system—something most existing dynamic model learning
strategies, such as RNNs or NODEs, cannot do. In this thesis, we introduce two approaches
(detailed in Chapter 10 and Chapter 11) that both leverage physics-based dynamic models.
Our learning algorithm identifies the free parameters of these models, along with an op-
tional coordinate transformation (e.g., an encoding into latent space). In both cases, we
can express the system’s kinetic and potential energy, allowing us to derive the potential
shaping feedforward term in closed form. This framework also enables us to analyze the
open- and closed-loop stability of the system using standard nonlinear systems theory
tools, such as Lyapunov methods (Khalil, 2002).

There are, however, some limitations to this work. While we have been able to ex-
tensively experimentally validate Part I of this thesis, the model learning or the control
strategies based on learned models have not been experimentally validated yet. We therefore
recommend extensive experimental testing of both components in future work, preferably
using various soft robot embodiments. Additionally, our current study has focused solely
on setpoint regulation scenarios; future research should explore extending these strategies
to trajectory tracking. In Chapter 11, we address control only for the case where the
dimensionality of the latent dynamics matches that of the actuators (i.e., the fully actuated
case). Future investigations might consider underactuated scenarios, where expanding
the latent space could lead to more accurate dynamic modeling. Moreover, the current
learned models do not account for environmental interactions—a crucial factor for soft
robots intended to exploit their embodied intelligence through frequent contact with their
surroundings. Finally, while the inherent softness of the robot enhances the safety of
both open- and closed-loop systems, it would be worthwhile in future work to explicitly
incorporate safety into the control strategy. One promising direction could be to use the
safety metric proposed in Chapter 3 as a constraint within MPC or CBF (Ames et al., 2016)
frameworks.

13.2 FUTURE WORK

First, we will introduce several overarching recommendations for the field moving into a
future where soft robots are an essential contributor to our daily lives. Next, we outline
several concrete avenues for future research building directly on this thesis.

13.2.1 GENERAL RECOMMENDATIONS

Historically, soft robotics research has primarily focused on design and actuation. Although
the modeling and control of soft robots have garnered more attention in recent years, we
find that cognitive intelligence for soft robots remains still underexplored. In particular,
there is a notable lack of research on critical areas such as perception, high-level motion
planning, task assignment, and reasoning—with tailored algorithms suited for soft robotic
applications in human-centric environments or scenarios involving physical contact.

We believe one reason for this gap in high-level cognitive intelligence research is the
scarcity of commercially available continuum soft robots compared to rigid manipulators,
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cobots, and quadrupeds. This limitation makes it challenging for labs specializing in cogni-
tive intelligence to venture into soft robotics, as developing a competitive, robust prototype
requires years of expertise. We hypothesize that broader access to affordable continuum
soft robots would catalyze rapid, exponential progress in the cognitive/computational
intelligence of soft robots.

Furthermore, the emergence of more reliable, robust, and longer-lasting commercial
soft robots would enable extensive field trials, moving beyond the breadboard and lab
environments that have thus far dominated experimental validation. Demonstrating that
soft robots outperform standard rigid manipulators or cobots in at least one measurable
dimension is crucial. Such evidence is essential for sustaining and increasing investment
in soft robotics research, fostering a vibrant field, and avoiding a potential “robotic winter”
reminiscent of past challenges in Artificial Intelligence (AI) (Muthukrishnan et al., 2020).

In addition to field trials, we advocate for user studies that clearly establish soft robots
as safer than cobots, along with defining explicit safety requirements—potentially tailored
to various relevant applications, such as assisting the elderly with ADLs or collaborative
manufacturing. More research is also needed to determine whether soft robots are perceived
as safer and friendlier than traditional rigid robots. Essentially, further investigation
into social soft robots is needed—mirroring the research already conducted on their rigid
counterparts (Breazeal et al., 2016). Although initial findings suggest that soft robots may
not be inherently perceived as more natural than rigid ones (Jergensen et al., 2022), further
investigations across diverse settings and designs are warranted (Pasquier et al., 2025).

In the following section, we outline several future research directions directly linked
to the work presented in this thesis. These avenues focus on enhancing the physical
intelligence of soft robots by improving their precision, dexterity, and capability to handle
complex, sequential real-world tasks—especially in human-centric environments where
safety is paramount. Ultimately, increasing the practical utility of soft robots by several
orders of magnitude is necessary for soft robots to become an economically viable option,
and this challenge should be a primary focus for the research community in the coming
years.

13.2.2 TOwWARDS A UNIVERSALLY ACCEPTED SAFETY METRIC

For future work, we recommend experimentally validating the safety metric introduced in
Chapter 3. This validation should involve a comprehensive experimental characterization
of the collision properties of soft robots, covering various designs (e.g., silicon and helicoid
soft robots) and different actuation methods (e.g., pneumatic, tendon-driven), and should
verify whether the maximum contact force/pressure predicted by the metric corresponds
with experimental measurements. Additionally, controlled user studies should determine
appropriate thresholds for maximum force/pressure across different body areas, similar to
the approach taken for collaborative robots (Muttray et al., 2014b). Such research could pave
the way for establishing an internationally recognized standard (e.g., ISO) that certifies soft
robots as sufficiently safe for specific applications. Moreover, we encourage exploring how
the proposed safety metric can be integrated into safety-aware control strategies (Wong
et al., 2025). Potential approaches might include leveraging MPC, CBFs (Ames et al., 2016;
Wong et al., 2025), or developing conditions for safe operation (e.g., maximum velocity,
torque, stiffness, reflected mass, etc.) through a safety map (Mansfeld et al., 2018).
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13.2.3 TowaRDS DEXTEROUS AND PRECISE HSA RoBoTSs

In Chapter 6, we introduced several control strategies for planar HSA robots and demon-
strated their effectiveness experimentally. Nonetheless, this control framework has several
limitations: (a) it is confined to planar motions, (b) it applies only to single-segment HSA
robots, (c) it is geared toward setpoint regulation rather than trajectory tracking, and (d) it
does not explicitly account for the hysteresis inherent to HSA robots (Truby et al., 2021),
necessitating a calibration of the rest strain before each experiment. In particular, future
work should explore the twisting motion primitives illustrated in Fig. 5.2, which contribute
to the unique behavior of HSA robots within soft robotics.

To address limitation (a), a kinematic parameterization that captures the three-dimensional
motion of HSA robots is needed. Future research could build on the SPCS model introduced
in Chapter 5—which describes the deformation of each HSA rod—by deriving closed-chain
dynamics through the enforcement of Pfaffian constraints (Armanini et al., 2021; Tsounis
et al., 2025) to eliminate drift in the redundant degrees of freedom.

Regarding limitation (b), recent work by Good et al. (2025) has shown that multi-
segment HSA robots can be realized by actuating the distal segments with servo motors
mounted at the robot base via Bendable Extendable Torque Resistant (BETR) shafts. This
design reduces the inertia in motion compared to the more naive approach of placing motors
at the proximal end of each segment. While extending existing models and controllers to
accommodate multi-segment systems appears straightforward—as evidenced by work on
standard continuum soft robots (Della Santina et al., 2020c)—new actuation models will
likely be necessary to capture the unique properties of BETR shafts accurately.

Concerning limitation (c), the main challenge in developing trajectory-tracking con-
trollers lies in the underactuated nature of the robot model. Although trajectory tracking
controllers for fully actuated systems are well-established in the literature (Della Santina
et al., 2020c), recent research by Soleti et al. (2025) on trajectory tracking for underactuated
soft robots based on dielectric elastomers suggests that similar strategies could be adapted
for HSA robots.
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(a) HSA rod characterization by Truby et al. (2021) (b) HSA rod behavior simulated with a Bouc-Wen
model

Figure 13.1: Left: Mechanical characterization of FPU HSA rods by Truby et al. (2021). Right: Preliminary
simulation of a HSA rod based on the model derived in Chapter 5 augmented with a Bouc-Wen model to capture
hysteretic behavior.
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Finally, to overcome limitation (d), the hysteretic behavior of HSA robots could be
modeled using the Bouc-Wen framework (Bouc, 1967; Wen, 1976) or related approaches. As
shown in Fig. 13.1, preliminary results show that a Bouc-Wen model with @ = 0.1, f = 0.25,
and y = —0.75 representing strain hardening can capture the hysteretic behavior of HSA
rods, as experimentally characterized by Truby et al. (2021) relatively well. A nonlinear
observer (Shao et al., 2023) could then be developed to estimate the hidden hysteretic
displacement in real-time based on the current state. Ultimately, incorporating an optimal
control strategy—such as MPC—would allow the system to consider its hysteretic state
when determining the next control action.

13.2.4 TOwARDS EXPRESSIVE LEARNED MODELS BY INTEGRATING AD-

VANCED PHYSICAL PRIORS

The CON model introduced in Chapter 11 is currently formulated to learn latent dynamics
only for physical systems that display continuous dynamics, global asymptotic stabil-
ity (i.e., they possess a unique, isolated fixed point attractor), and inherent dissipation.
However, in practical applications, soft robots—especially when interacting with their
environment—may not meet these criteria. For instance, depending on the gravitational
field, a soft robot (much like a pendulum) might exhibit multiple equilibria; contact interac-
tions could introduce hybrid dynamics, and time-dependent phenomena such as hysteresis
or material degradation may occur. To address these issues, future work could (a) relax
some of the network parameter constraints to accommodate non-convex potential energy
landscapes and multistability and (b) enhance the expressiveness of the learned (latent)
dynamics by incorporating additional components into the network, such as models for
contact, Bouc-Wen (Bouc, 1967; Wen, 1976) hysteresis, or specialized actuation models.

13.2.5 TowARDS EFFICIENT CO-DESIGN OF COMPUTATIONAL AND EM-

BODIED INTELLIGENCE

In this thesis, we assume a given soft robot morphology (e.g., an HSA or piston-driven
pneumatic actuation) and develop the computational intelligence required for precise
control of continuum soft robots. This involves creating accurate reduced-order models,
designing efficient low-level controllers, and implementing compliant high-level motion
policies. For instance, for the existing HSA robot design presented by Chin et al. (2018);
Lipton et al. (2018); Truby et al. (2021), we developed the corresponding models (Chapter 5),
controllers (Chapter 6), and BMIs (Chapter 7). Similarly, in Chapter 8, we developed a
model capturing the coupled dynamics between soft robot and actuator for pneumatic
piston-driven soft robots (Marchese et al., 2014; Marchese and Rus, 2016), which we then
exploited for backstepping-based control. Finally, Chapter 9 demonstrates the need for
co-optimization of sensor (and magnet) placement alongside the kinematic model and the
proprioception algorithm.

These examples highlight how the current soft robotic development process typically
follows a one-way street: a mechatronics engineer devises an innovative design (includ-
ing actuator and sensor placement), then a modeling expert formulates a kinematic and
dynamical model, followed by a perception specialist developing proprioception and exte-
roception methods, a control theorist implementing a low-level controller, and finally a
motion planning specialist designing a high-level motion policy. This sequential approach
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often results in designs that are very challenging to model and control.
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Figure 13.2: Traditional soft robot design follows a sequential process: first, the structure is created in Computer-
aided Design (CAD); next, the robot’s behavior is simulated (for example, using FEM); then, reduced-order
kinematic and dynamic models are developed; and finally, the controller is designed based on these models.
Moving forward, research should focus on a co-design approach that simultaneously optimizes the robot’s body
(e.g., structure, actuation, sensors) and its brain (modeling, perception, control).

Looking ahead, our goal is to co-design the body and the brain of the soft robot,
fostering an optimal integration of embodied (Mengaldo et al., 2022) and computational
intelligence, as illustrated in Fig.13.2. Although some initial work on soft robot co-design
exists (Bhatia et al., 2021; van Diepen and Shea, 2022; Spielberg et al., 2019; Wang et al.,
2024, 2022, 2023b), these methods are often too simplistic, discretizing the continuum into
passive, actuated, and sensorized voxels or particles. As a result, the derived designs are
rarely practical (Legrand et al., 2023; Wang et al., 2024). Additionally, most studies train a
learning-based controller (e.g., using RL) from scratch for every design iteration, which
creates a significant computational bottleneck in the co-design process (Bhatia et al., 2021;
Wang et al., 2022, 2023b). We conclude that the high computational demands of co-design
currently restrict its practical usefulness, limiting the scope of the design space that can be
explored within available computing budgets.

Future research should develop and integrate computationally efficient metrics for
manufacturability, observability, controllability, and safety to provide early feedback on the
design to the optimizer—avoiding the need for costly RL training and FEM simulations for
every design. While rigid manipulators benefit from fixed joints that simplify modeling, the
deformability of soft robots complicates the creation of low-dimensional models (Armanini
et al., 2023). Traditional trial-and-error methods for selecting backbone models (e.g., PCC,
PCS, GVS) depend heavily on a robot’s topology, actuation, and dynamics, making it
essential to co-design reduced-order models with the morphology. Moreover, using model-
based controllers rather than training a new RL policy from scratch for each design could
further accelerate the process. We discuss our perspective on soft robot co-design in more
detail in Appendix A.
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13.2.6 TowARDS GENERALIST POLICIES FOR RoBUsT, COMPLIANT, AND
INTERPRETABLE MOTION BEHAVIOR BY INTEGRATING STABLE

MOTION PRIMITIVES WITH VISION-LANGUAGE-ACTION MODELS
In Chapter 12, we introduced a motion policy based on SMP for learning periodic motions
from demonstrations. By parameterizing the policy with an interpretable dynamical
system, we can ensure both stability and compliant behavior. However, several limitations
currently restrict its practicality: (a) most DMP/SMP methods are confined to a single
attractor type (e.g., fixed-point, limit cycle, multistability), (b) a single DMP cannot readily
capture intersecting trajectories, (c) information about the task setting and environment is
not incorporated into decision-making, and (d) these methods typically learn only one or a
few trajectories at a time.

To address these issues, future work might integrate SMPs with modern VLM/VLA
models. As shown in Fig.13.3, a VLM could generate sequences of motion steps that are then
tracked by an SMP combined with a low-level controller (e.g., an impedance controller).
This setup forms a cascaded control scheme, illustrated in Fig.13.3(a): a low-level controller
with configuration-space state feedback runs at high frequencies (around 1000 Hz), the SMP
supplies end-effector motion references at approximately 100 Hz, and the VLM operates at
about 10 Hz, processing visual feedback to issue motion steps to the SMP.

More specifically, as depicted in Fig.13.3(b), we envision a hierarchical approach (Haresh
et al., 2024) that breaks down a high-level task—such as folding laundry—into task phases
(e.g., folding the right side of a shirt halfway) and individual motion steps, utilizing both
pretrained and posttrained VLMs!. The connection between the VLMs and the SMP is
facilitated by a motion head network—potentially based on diffusion policies (Chi et al.,
2023)—that predicts the necessary robot step, including a motion goal or waypoints, the
corresponding SMP attractor type (e.g., fixed-point, limit cycle, multistability), and the
conditioning of the SMP encoder on a motion demonstration from training. Figure 13.3(c)
illustrates how this conditioning mechanism enhances the expressiveness of SMPs, enabling
a single policy to represent a wide range of motions. During inference, both the motion
goal x4 and the current end-effector position x are passed through a bijective encoder (Rana
et al.,, 2020), which maps them into latent space coordinates z¢ and z, respectively. The
latent dynamics—governed by the latent goal and the selected attractor type—yield a latent
velocity z, which is then projected back into the original space using the encoder’s inverse
Jacobian. A low-level controller subsequently tracks this velocity reference by computing
the required actuation commands.

This strategy has the potential to enhance the expressiveness and generalization of
SMP-based policies by combining them with state-of-the-art models while still preserving
the interpretability and stability guarantees inherent to SMPs. These features notably
distinguish our approach from current VLA policies (Black et al., 2024; Kim et al., 2024),
which generally do not provide insight into the action generation process or offer stability
guarantees.

Here, pretrained refers to a VLM trained on internet-scale data and large cross-embodiment datasets (Kim et al.,
2024; O’Neill et al., 2024), while posttrained indicates a version fine-tuned on smaller, high-quality datasets
specific to the robot embodiment and task (Black et al., 2024).
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Figure 13.3: Concept for the Integrating SMPs with VLAs models: The VLM, composed of a pretrained and
posttrained part, receives, possibly multimodal, task instructions, and its motion head translates them into robot
motion steps instead of directly outputting actions. These robot motion steps, consisting of, for example, a motion
goal, the motion attractor class, and conditioning on the demonstration/oracle, then shape the behavior of the
motion policy parametrized by a dynamical system (i.e., a SMP).
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SAFE YET EFFECTIVE SOFT
RoBoTS viA HOLISTIC
Co-DESsIiGN

Foreword. In this thesis, we employed (so far) a traditional sequential design process:
the soft robot’s morphology—including its structural shape, actuation, and sensor place-
ment—was predefined and assumed fixed. We then derived or learned reduced-order
kinematic and control-oriented dynamic models, leveraging this model knowledge within
controllers whose parameters (e.g., gains) were subsequently tuned. A notable example
of this process is the design of HSA robots, extensively covered in this work. First, their
design and actuation were developed at the Distributed Robotics Laboratory (DRL) at
MIT (Chin et al., 2018; Lipton et al., 2018; Truby et al., 2021). Subsequently, we developed in
this thesis modeling and control approaches for such HSA robots. In Chapter 5, we derived
kinematic and dynamic models from first principles—relying heavily on our intuition and
prior experience for the kinematic model—and determined their parameters via system
identification. We then devised model-based controllers in Chapter 6 and experimentally
tuned their gains, culminating in the development of a BMI interface in Chapter 7 to guide
the low-level controller using EEG-measured brain signals. However, this sequential pro-
cess prevents insights gained during later stages, such as closed-loop control experiments,
from influencing the morphological design. This is a common challenge within the soft
robotics community, where many designs prove difficult to model with reduced-order
approaches and control accurately. In this appendix, we instead consider the co-design of
the body (morphology) and the brain (control and perception algorithms) of soft robots,
incorporating structured feedback mechanisms to iteratively optimize the entire design.
Specifically, we review current gaps in soft robot co-design techniques and propose solu-
tions through a holistic co-design framework, which also considers the co-optimization of
control-oriented reduced-order models and (model-based) controllers.
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Abstract. Soft robots promise inherent safety via their material compliance for seamless
interactions with humans or delicate environments. Yet, their development is challenging
because it requires integrating materials, geometry, actuation, and autonomy into complex
mechatronic systems. Despite progress, the field struggles to balance task-specific performance
with broader factors like durability and manufacturability—a difficulty that we find is com-
pounded by traditional sequential design processes with their lack of feedback loops. In this
perspective, we review emerging co-design approaches that simultaneously optimize the body
and brain, enabling the discovery of unconventional designs highly tailored to the given tasks.
We then identify three key shortcomings that limit the broader adoption of such co-design
methods within the soft robotics domain. First, many rely on simulation-based evaluations
focusing on a single metric, while real-world designs must satisfy diverse criteria. Second,
current methods emphasize computational modeling without ensuring feasible realization,
risking sim-to-real performance gaps. Third, high computational demands limit the explo-
ration of the complete design space. Finally, we propose a holistic co-design framework that
addresses these challenges by incorporating a broader range of design values, integrating
real-world prototyping to refine evaluations, and boosting efficiency through surrogate metrics
and model-based control strategies. This holistic framework, by simultaneously optimizing
functionality, durability, and manufacturability, has the potential to enhance reliability and
foster broader acceptance of soft robotics, transforming human-robot interactions.

This chapter is partly based on @ M. Stélzle™, N. Pagliarani®, F. Stella, J. Hughes, C. Laschi, D. Rus, M. Cianchetti, C.
Della Santina, and G. Zardini (2025). Soft yet Effective Robots via Holistic Co-Design. In Nature Machine Intelligence,
Under Review (Stélzle et al., 2025a).
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to this perspective. M.S., N.P., and E.S. collaborated on the figures and graphics. M.S. wrote the majority, and N.P.
and E.S. wrote parts of the manuscript. All authors revised the manuscript. G.Z., C.D.S., M.C., and ].H. supervised
the project and provided funding.
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obots have long been used in industrial tasks requiring precision and strength, such as
R assembly and manufacturing (Todd, 1996). However, societal challenges now call for
robots designed for human-centered environments like homes and public spaces (Chibani
et al., 2013; Nahavandi, 2019; Royakkers and Van Est, 2015). To operate safely in dynamic,
unpredictable settings—and in line with Asimov’s First Law to avoid harming humans (Asi-
mov, 1941; Villani et al., 2018)—robots should incorporate inherent physical compliance.
Modern systems use advanced controls like safety filters, compliant control, real-time colli-
sion detection, and predefined safety zones (Zhao et al., 2024b), relying on sophisticated
sensors and algorithms to preempt hazards (Fragapane et al., 2021). Collaborative robots
(cobots) are designed with decoupled actuators, reduced inertia, and compliant controllers
for safer human interaction, yet their rigid components can still pose risks (Haddadin et al.,
2009). Although collision detection can mitigate danger by slowing or stopping robots near
humans (Haddadin, 2013), it does not completely eliminate injury risk.

Soft robotics offers a transformative approach by embedding safety directly into
a robot’s materials and structure, reducing reliance on complex computational algo-
rithms (Laschi et al., 2016; Rus and Tolley, 2015). This inherent compliance enables safe
human interaction and operation in sensitive settings such as personal assistance, care-
giving, and handling delicate items (Abidi and Cianchetti, 2017; Pasquier et al., 2025).
However, soft robot development is inherently complex, requiring the seamless integration
of materials, geometry, actuation, sensing, compliant continuum dynamics, perception,
and control systems. It is notably difficult to predict how morphological changes affect
closed-loop motion, as the design space is much larger than for rigid robots, and the capa-
bilities of the autonomy stack and control are inherently limited by the body. For some
morphologies with very complex deformations, designing effective proprioception and
control systems is even intractable. Consequently, we observe that traditional sequential
design processes (van Boeijen et al., 2020)—which move from conceptual design through
mechatronic design to the development of autonomy and control systems—struggle with
this complexity, leading to robots that exhibit imprecise, oscillatory motions, limited pay-
load capacity, and inadequate force output (Cianchetti et al., 2013; Hawkes et al., 2017; lida
and Laschi, 2011; Majidi, 2014; Mazzolai et al., 2022).

Related Work and Limitations Co-design strategies have proven effective in addressing
multi-objective problems and accommodating the compositional, hierarchical nature of
complex systems (Zardini, 2023). In this perspective, we review recent studies that have
introduced algorithms for simultaneous optimization of soft robot morphology and control
systems (Bhatia et al., 2021; Chen and Wang, 2020; Junge and Hughes, 2022; Legrand
et al.,, 2023; Medvet et al., 2021; Navez, 2024; Spielberg et al., 2021, 2019; Van Diepen and
Shea, 2018; Wang et al., 2024, 2022, 2023b). However, we identify several shortcomings
that limit their broader application. First, computationally expensive optimization cycles
hinder exploration of the full design space (Chen and Wang, 2020), due to high-dimensional
discretizations (Legrand et al., 2023; Medvet et al., 2021, 2022; Spielberg et al., 2019; Wang
et al., 2023a, 2024, 2022, 2023b), inefficient algorithms (e.g., evolutionary ones) (Bhatia
et al,, 2021; Chen and Wang, 2020; Hiller and Lipson, 2012; Medvet et al., 2021, 2022;
Rieffel et al., 2014), costly RL-based control training (Bhatia et al., 2021; Wang et al.,
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2023a, 2022, 2023b), and reliance on intensive simulations for fitness evaluation (Legrand
et al., 2023; Medvet et al., 2021, 2022; Spielberg et al., 2019; Wang et al., 2023a, 2024, 2022,
2023b). Second, a narrow focus on easily computable evaluation metrics (e.g., locomotion
speed (Wang et al., 2024), workspace (Guan et al., 2023)) often neglects other vital design
values such as manufacturability (Kim et al., 2025), safety, cost, ecological impact, usability,
and regulatory requirements (Junge and Hughes, 2022). Third, the actual realization of
the design is rarely (Junge and Hughes, 2022) factored into the co-design optimization
process, which limits the incorporation of insights gained from fabrication, prototyping, and
lab/field testing. Similarly, the uncertainty associated with simulation-derived evaluation
metrics is seldom considered (Chen and Wang, 2020), leading to designs that perform
well in simulations but underperform in real-world scenarios. Finally, current co-design
methods generally fail to incorporate diverse stakeholder input or account for (all) end-user
requirements.

We recognize that parallel yet disconnected efforts exist to address these challenges.
For instance, efficient category theory-based algorithms have recently been developed
for the co-design of self-driving vehicles, considering diverse design values such as cost,
compute requirements, vehicle mass, and power (Milojevic et al., 2025; Zardini et al., 2021b,
2022b). In ML, there is a strong emphasis on generative models for design generation (Vah-
dat et al., 2022), with recent applications in soft robot co-design (Song et al., 2024; Wang
et al., 2024), enabling optimization in a reduced-order space while recovering the full
design description. Furthermore, literature in ML and soft robotics explores how to learn
reduced-order dynamic models for efficient model-based controller derivation (Alkayas
et al., 2025; Alora et al., 2023a; Della Santina et al., 2023; Hewing et al., 2020; Stélzle and
Della Santina, 2024) as an alternative to sample-inefficient RL. Additionally, concepts
from nonlinear systems and robotics—such as observability (Griffith and Kumar, 1971),
controllability (Zheng et al.,, 2019), and safety (Haddadin, 2013; Standard, 2016)—offer
computationally inexpensive metrics to assess design fitness. Finally, a robust body of
work in Bayesian optimization (Garnett, 2023; Hernandez-Lobato et al., 2014), RL (Sutton
et al., 1998), and co-design (Furter et al., 2025; Huang et al., 2025) has explored incorpo-
rating uncertainty in evaluation metrics during optimization and using exploration (i.e.,
realization) to reduce that uncertainty. The goal of this perspective is to synthesize these
related yet isolated research directions into a holistic co-design framework that addresses
the shortcomings of existing approaches.

Proposed Framework This perspective outlines a holistic co-design framework that
integrates design components, stakeholder values, design processes, and optimization
strategies, addressing key limitations of prior soft robotic co-design approaches through
five core advances. First, the framework broadens the range of considered objectives and
constraints to include safety, fabrication and operational costs, environmental impact,
and regulatory compliance. Second, we introduce enhancements to computational co-
design, boosting computational efficiency and allowing for global optimization over the
design space. Specifically, this is achieved by (i) sampling from reduced-order design
spaces decoded into full morphologies (Wang et al., 2024); (ii) co-optimizing reduced-order
dynamical models, both physics-based (Armanini et al., 2023) and learned (Alkayas et al.,
2025; Liu et al., 2024a; Navez et al., 2025; Stolzle and Della Santina, 2024; Valadas et al., 2025),
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to capture task-relevant deformations with minimal complexity; (iii) using fast-to-compute
surrogate metrics (e.g., controllability or observability) to guide the optimizer away from
poor designs early in the process; and (iv) replacing costly RL training with efficient model-
based control methodologies grounded in the same reduced-order models (Della Santina
et al., 2023; Stolzle and Della Santina, 2024). Third, the framework incorporates purposeful
physical prototyping to reduce uncertainty in computational evaluations. By treating co-
design probabilistically, it accounts for uncertainties, such as the sim-to-real gap (Dubied
et al., 2022), and uses high-fidelity simulation and prototyping across varying Technology
Readiness Levels (TRLs) (Manning) to refine evaluation metric estimates. This enables
formal trade-offs between computational “refinement” and physical “realization”, taming
the sim-to-real gap discrepancies in performances during the development cycle. Fourth,
the integration of structured stakeholder engagement ensures that diverse values and
requirements are reflected throughout the design process. Finally, the framework supports
reproducibility (Baines et al., 2024) by maintaining an auditable design trail, which is critical
for the deployment of soft robots in real-world contexts.

As illustrated in Fig. A.1, this co-design paradigm holds promise for enabling soft robots
to take on vital roles in caregiving, education, and other human-centered domains. By
ensuring both performance and safety, it can support societal well-being and increase
public trust in robotic technologies.
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Figure A.1: Holistic Co-Design of Soft Robots. The five pillars of holistic co-design are (1) Incorporating
comprehensive design requirements and values directly into multi-objective optimization; (2) Efficiently exploring
the full design space by melding design priors (e.g., biological inspirations, existing solutions) with computationally
efficient co-design routines; (3) Explicitly accounting for design realization (e.g., prototyping and testing) via a
probabilistic treatment of evaluation metrics and by formalizing the refinement-vs-realization trade-off—enabling
targeted prototyping to reduce metric uncertainty and narrow the sim-to-real gap; (4) Fostering cross-disciplinary
collaboration and involving all relevant stakeholders in defining design values and providing iterative feedback;
(5) Ensuring auditability to preserve design knowledge and guarantee reproducibility. These pillars are inherently
interconnected (see green arrows)—for example, stakeholders and the design team co-define design requirements,
certain design values (e.g., HRI) demand evaluation in the real world (i.e., enabled by realization), and both the
exploration of the design space and the fulfillment of design requirements remain fully auditable.
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A.2 THE PAST AND PRESENT SOFT ROBOT DESIGN PROCESS

In this section, we review established design processes in the field of soft robotics. The
discussion is organized into two parts: first, we examine the fundamental design cycle
typically employed in soft robotics, covering the progression from initial task specifications
to experimental prototyping and final design approval. Second, we explore recent work
on the co-design of soft robots that showcases some initial ideas on how we could jointly
design the body and brain.

TRADITIONAL DESIGN PROCESS OF SOFT RoBOTS

The basic design cycle typically described in the literature involves several key steps (van
Boeijen et al., 2020; Roozenburg and Eekels, 1995): (1) The cycle begins with defining
criteria, where designers explicitly specify the values, requirements, and functions that
the design must satisfy; (2) Next is the provisional design stage, in which solution ideas,
concepts, and implementations are synthesized; (3) Following this, simulations can be used
to anticipate the potential properties and performance of the design. These predictions are
validated in step (4) by manufacturing prototypes at various TRLs (Manning); (5) Finally, if
the prototypes meet the established criteria, the design is approved.

This traditional design process is also widely applied within soft robotics. As illustrated
in Fig. A.2 (Left), it begins with task specifications and proceeds to a preliminary conceptual
design, followed by detailed mechatronic development. The open-loop behavior of the
resulting design is verified through simulation, fabrication, and testing on breadboard
prototypes. Typically, control design and reduced-order modeling occur only after validat-
ing a viable soft robotic prototype, enabling verification of closed-loop behavior within
laboratory settings. Furthermore, steps (2)-(4) often involve iterative cycles of diverging
and converging phases (Feldhusen et al., 2013). During the diverging phase, new design
ideas, concepts, and implementations are generated. Conversely, the converging phase
evaluates these concepts through simulations or prototype tests to identify, for example,
via selection matrices (Ulrich and Eppinger, 2016), promising designs worthy of further
development.

However, the traditional design cycle has several notable deficiencies: (i) Although
multiple iterations can theoretically "close the loop" of the design cycle, practical con-
straints—such as costs and complexity—often render iterative processes prohibitively
expensive. Additionally, no formal or automated method typically exists to systemati-
cally incorporate insights from evaluated performance metrics back into improving the
original design. (ii) Similarly, divergence and convergence cycles frequently lack effective
feedback mechanisms, preventing valuable knowledge acquired during detailed design or
high-fidelity prototyping from informing the generation of new design solutions. Indeed,
for example, Suh’s first axiom on design theory for systems argues that cycles should
be avoided and functional requirements should be orthogonal to each other (Suh, 1998).
However, numerous practical examples in product development have shown that iterative
approaches can substantially enhance product quality and performance and decrease cost
over time. Therefore, a design process for soft robots should embed such feedback mech-
anisms from the beginning. (iii) Constraints and metrics critical in later stages, such as
manufacturability and compliance with regulatory standards, such as International Orga-
nization for Standardization (ISO) norms, are often inadequately considered during initial
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stages. (iv) The sequential workflow between mechatronic design, perception, modeling,
and control teams creates informational silos. For instance, modeling engineers typically
transfer completed models to control engineers without sufficient feedback channels, thus
restricting iterative enhancements. (v) A significant drawback of conventional design
processes is the potential loss of "design history." Critical insights, rationale for decisions,
and trade-offs are frequently undocumented, particularly when team members transition
roles or leave the project. Consequently, revisiting earlier stages or building on previous
knowledge becomes increasingly challenging. For example, a research team seeking to
modify an earlier actuator design after identifying field performance issues may find the
original design rationale inaccessible.

Co-DEsIGN oF SoFT RoBOTS

Given the complexity of soft robots and the limitations of traditional design processes—especially

the absence of structured and effective feedback cycles and the isolated design of com-
ponents—the community has recently begun exploring how co-design algorithms could
support soft robot development (Bhatia et al., 2021; Cianchetti, 2021; van Diepen and Shea,
2022; Junge and Hughes, 2022; Spielberg et al., 2019; Wang et al., 2024, 2022, 2023b). The term
“co-design” highlights several distinctions from traditional design approaches, including a
compositional and hierarchical nature - i.e., designing all system components, such as body
and brain, together (Junge and Hughes, 2022); a collaborative approach involving all teams
and stakeholders, and a continuous process of design improvement (Zardini, 2023). Co-
design strategies have proven highly effective at solving complex, possibly multi-objective,
optimization problems with a well-defined design space, cost function, and equality/inequal-
ity constraints. Notable examples stem from the fields of chemistry (Nerskov et al., 2009;
Vaissier Welborn and Head-Gordon, 2018), construction engineering (Knippers et al., 2021),
mobility systems (Zardini et al., 2022a, 2020), autonomous vehicles (Zardini, 2023; Zardini
et al., 2021b), articulated robotics (Ha et al., 2018; Zhao et al., 2020).

Initial attempts have applied co-design methods to soft robots by simultaneously
optimizing the body/morphology (i.e., structural shape, actuation, and sensing) and the
brain (e.g., controller) (Bhatia et al., 2021; Cianchetti, 2021; van Diepen and Shea, 2022;
Junge and Hughes, 2022; Navez, 2024; Spielberg et al., 2019; Wang et al., 2024, 2022, 2023b).
Drawing on extensive research in mechanical and morphological design—particularly
geometric design—these approaches can be classified (Chen and Wang, 2020) into three
categories: (a) size optimization, which focuses on regular shapes defined by (hand-picked)
geometric parameters (e.g., radii, segment lengths, pneumatic chamber dimensions) (Calisti
etal, 2011; Dammer et al., 2018; Guan et al., 2023; Junge and Hughes, 2022; Navez et al., 2024;
Pagliarani et al., 2024; Polygerinos et al., 2015; Wang et al., 2018b); (b) shape optimization,
which incrementally modifies the parametric surfaces of an initial design while preserving
its connectivity or topology (Siéfert et al., 2019); and (c) full topology optimization, which
rethinks the structure entirely by creating, repurposing, or removing elements from the
topology (Caasenbrood et al., 2020; Jewett and Carstensen, 2019; Legrand et al., 2023;
Pinskier et al., 2024; Sigmund and Maute, 2013; Spielberg et al., 2019; Wang et al., 2023a,
2024, 2022, 2023b; Zhang et al., 2018).

However, the existing co-design approaches exhibit several shortcomings: (i) The
current topology optimization approaches often oversimplify the design process by dis-
cretizing the morphology spatially into passive, actuated, or sensorized voxels or parti-
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cles (Legrand et al., 2023; Medvet et al., 2021, 2022; Spielberg et al., 2019; Wang et al., 2023a,
2024, 2022, 2023b), resulting in designs that rarely translate effectively to practical applica-
tions (Legrand et al., 2023; Wang et al., 2024). Additionally, (ii) most existing methods train
learning-based controllers (e.g., using RL) from scratch for each iteration, creating a signifi-
cant computational bottleneck in the overall co-design cycle (Bhatia et al., 2021; Wang et al.,
2022, 2023b). Recent progress in differentiable physics-based simulation (Coevoet et al.,
2017; Fang et al., 2020; Hu et al., 2019) suggests that integrating real-time gradient-based
optimization of neural-network parametrized controllers could significantly reduce the
computational overhead associated with iterative design-control loops, improving sample
efficiency and convergence speed (Bacher et al., 2021; Spielberg et al., 2019; Wang et al.,
2024). However, these methods assume smooth, end-to-end differentiability—which can
fail under contact or discontinuities—and can be prone to local minima. Relatedly, (iii)
these approaches typically require completing an entire cycle—from design generation,
control policy training, and high-fidelity simulation through task-specific performance
evaluation—before updating the design. This sequence can be highly computationally
demanding and results in unnecessary resource use for designs that could have been
earlier identified as suboptimal through intermediate metrics. Finally, (iv) most studies
predominantly focus on computationally implementable aspects of the design process (i.e.,
computational co-design), neglecting critical downstream considerations (Junge and Hughes,
2022) such as breadboard testing, validation with prototypes, or regulatory compliance.
Although topology optimization and multi-material design techniques (Chen and Wang,
2020) are gaining traction, their integration with fabrication constraints remains an open
challenge. Considering manufacturability from the early stages of co-design—particularly
in the context of additive manufacturing- could enhance the feasibility of computationally
optimized soft robots (Navez, 2024). However, we conclude that the high computational
demands of co-design caused by computationally expensive simulations and inefficient
optimization routines currently restrict its practical usefulness, limiting the scope of the
design space that can be explored within available computing budgets (Chen and Wang,
2020).

A.3 THE FUTURE: A FRAMEWORK FOR HoLisTic Co-DESIGN
OF SorT RoBOTS

Holistic co-design marks a significant shift in soft robotics by adopting an integrated,
application-driven strategy that emphasizes the seamless interaction between a robot’s
physical morphology, its control system, and user engagement. Unlike traditional design
cycles—which remain prevalent—it provides a structured framework that concurrently
develops all system components, refining the design iteratively through effective feedback
loops. Moreover, this approach distinguishes itself from other co-design methods by em-
bracing a broader set of design values, advocating for cross-disciplinary collaboration and
active participation from diverse stakeholders, introducing techniques to enhance compu-
tational efficiency, and proposing a probabilistic view that acknowledges uncertainties in
evaluation metrics while outlining strategies to mitigate them as the design evolves.

In detail, the proposed holistic co-design framework introduces several key innova-
tions. First, it optimizes a range of design attributes simultaneously—such as task comple-
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Figure A.2: Left: A traditional sequential design cycle (van Boeijen et al., 2020) applied to soft robots. This sequential
workflow lacks iterative feedback loops, leading to information silos and preventing regular, bidirectional sharing
of insights and data across the development team and the relevant stakeholders. Right: A holistic co-design
framework that complements computational refinement with prototyping across various levels of design readiness
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tion time, safety, material and fabrication costs, energy consumption, and environmental
impact—instead of focusing on a single metric like locomotion speed, as most current
approaches do. Second, it significantly boosts the efficiency of computational co-design
by (i) establishing a reduced-order design space that avoids the complexity of directly
optimizing a high-dimensional spatial morphology (as seen in voxel-based methods); (ii)
developing a control-oriented reduced-order model within the co-design process; (iii)
employing computationally inexpensive auxiliary metrics, such as controllability, observ-
ability (leveraging the reduced-order model), or manufacturability, which provide early
feedback to the optimizer instead of relying solely on the outcome of resource-intensive
closed-loop simulations; and (iv) efficient derivation/learning of controllers based on the
reduced-order model (i.e., model-based control). Furthermore, while existing methods
typically address only the fully computational aspects of design and evaluation, our frame-
work explicitly accounts for the inherent uncertainties in these metrics—uncertainties
that can only be properly identified through high-fidelity simulations or, ideally, extensive
testing with physical prototypes. By introducing a probabilistic evaluation of a design’s
“fitness,” we also formalize strategies to reduce such uncertainties through prototyping, as
visualized in Fig. A.2 (Right). Additionally, we emphasize that collaboration among team
members with varied expertise and backgrounds, as well as engagement with stakeholders
(including customers, scientific advisors, and domain experts), is essential for developing
a high-performing soft robot. Finally, we conclude that co-design approaches not only
help preserve design knowledge but also enhance reproducibility, addressing a well-known
challenge in soft robotics (Baines et al., 2024).

Multi-Objective Co-Design: Satisfying Comprehensive Requirements and Eval-
uation Metrics Current co-design approaches for soft robots typically consider only
one (Medvet et al., 2022; Navez et al., 2024; Spielberg et al., 2021, 2019; Wang et al., 2024,
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2023b), or at most a few (Navez et al., 2025), evaluation metrics! per task. For locomotion
tasks, this often means measuring the velocity achieved or the distance traveled in a fixed
time period (Spielberg et al., 2019; Wang et al., 2023b), while in manipulation tasks (e.g.,
pushing), the focus is on how far an object is safely moved (Wang et al., 2024). However,
as soft robots evolve from research prototypes into commercial products, a broader set of
design values becomes critical. These include, but are not limited to, safety (as discussed in
Chapter 3), manufacturing costs (especially in relation to production batch sizes) (Junge and
Hughes, 2022; Majidi, 2014; Miriyev et al., 2017; Schmitt et al., 2018), material supply, and
the robot’s operational lifetime—which depends on both the materials used and the stresses
experienced—as well as ecological and recycling considerations (Mazzolai and Laschi,
2020). Additionally, traditional design processes tend to address regulatory standards only
at the end or not at all. For example, medical soft robots must meet the FDA or EMA
guidelines, which dictate acceptable materials, manufacturing methods, and performance
criteria. Incorporating these regulatory factors into the design optimization loop helps
prevent late-stage redesigns that could delay product deployment and significantly increase
development costs. Holistic co-design integrates these values and constraints from the
beginning, ensuring that the resulting designs are optimal across all dimensions.

Increasing the Efficiency of Computational Co-Design Computational co-design for
soft robots refers to developing an automatic algorithm that optimizes the integrated design
(encompassing both body and control components) to meet specified performance criteria
and design values (Carlone and Pinciroli, 2019; Wang et al., 2023a). In its most general form,
co-design can be formulated as a constrained nonlinear optimization problem (Zardini,
2023) over a parameterized design x, such that

min  f(x)
st. glx)=0 (A1)
h(x) <o,

where f(x) : X — C represents the cost or loss function, and g(x) : X — R" and
h(x) : X — R"nea denote the equality and inequality constraints, respectively. For ex-
ample, in multi-objective optimization, we can define f(x) = [51T(X),---,5zobj (x)]T, with
each fj(x) = ¢j(x) for j =1,...,ngpj corresponding to design objectives implemented via
the (estimated) evaluation metrics ¢;j(x) : & — C;. These objectives might include task
performance, manufacturing, and operational costs, or environmental impact. Equality
constraints typically capture system dynamics, while inequality constraints ensure physical
feasibility (such as non-negative volume, adherence to manufacturing tolerances, or mini-
mum geometric dimensions for manufacturability) and guarantee that the design satisfies
essential requirements (like minimum safety levels or regulatory standards). Please note
that such (inequality) constraints can also be a function of an estimated evaluation metric
¢j(x).

In our view, one key reason co-design approaches are not yet widely adopted in
soft robotics is their computational inefficiency and high cost, which severely restrict

!Commonly, such evaluation metrics are also referred to as costs, losses, or rewards
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the design space that can be explored and diminish the chances of finding the optimal
design, thereby reducing their practical utility (Chen and Wang, 2020). We identify three
primary sources of computational inefficiency in current methods: (i) they often operate in
high-dimensional design spaces—for instance, by discretizing the soft robotic geometry
into voxels—which makes it extremely challenging, if not impossible, to locate the global
optimum; (ii) the optimization loop is closed via performance metrics obtained from one
or multiple closed-loop system simulations, and using high-fidelity simulators makes this
evaluation process computationally demanding; (iii) assessing closed-loop performance
requires access to a controller. In principle, there are two ways to address this: one can train
a controller over a set of different designs (Boekel, 2025; Zardini et al., 2021a), though this
means the controller may not be optimized for a specific design, so the evaluation might
not reflect the true performance achievable with a specialized controller. Alternatively,
training a controller tailored to the proposed design can fully exploit its kinematics and
dynamics to achieve optimal task performance, but this approach is computationally very
intensive—especially when using RL controllers trained from scratch (Bhatia et al., 2021;
Wang et al., 2023a, 2022, 2023b) or control policies trained via gradient descent using a
differentiable simulation (Bacher et al., 2021; Spielberg et al., 2019; Wang et al., 2023a,
2024)—which often struggle with complex hybrid dynamics such as contact.

Our framework, depicted in Fig. A.3, paves the way for significantly more efficient
computational co-design of soft robots by introducing four key modifications that address
the previously mentioned challenges: (1) Building on previous work (Spielberg et al., 2019;
Wang et al., 2024), we advocate for performing optimization in a reduced-order design
space, which can be either entirely learned or partially defined manually (e.g., specifying
the length and diameter of a soft segment). In practice, reduced-order designs x are sampled
from a distribution, and then a design decoder reconstructs the full design description (such
as a volumetric mesh with sensor and actuator placement). After evaluating the design, the
optimizer updates the posterior belief of the sampling distribution to bias it towards effec-
tive designs. We elaborate on reduced-order design in Section A.4. (2) A control-oriented
reduced-order model can greatly assist in analyzing the system’s motion characteristics and
behavior (Alkayas et al., 2025; Alora et al., 2023a; Armanini et al., 2023; Bruder et al., 2020;
Ménager et al., 2023; St6lzle and Della Santina, 2024; Valadas et al., 2025). While deriving
such models for rigid manipulators is generally straightforward (Siciliano et al., 2010; Zhao
et al., 2020), soft robotics presents an inherent interplay between design, actuation, and
task (e.g., payload, gravitational forces) on one side and the resulting deformations on the
other. This interdependence makes it essential to jointly synthesize the design (including
actuation) and the kinematic model. We discuss this further in Sec. A.6. (3) To reduce the
reliance on performance metrics derived from resource-intensive closed-loop simulations,
we introduce several auxiliary metrics that are computationally cheaper to evaluate. These
metrics provide early feedback to the optimizer, allowing for the early discarding of designs
with very low predicted fitness. Examples include metrics assessing observability and
controllability based on the reduced-order model (which directly links actuator and sensor
placement to the structural design), open-loop compliance (Guan et al., 2023), safety (as
discussed in Chapter. 3), embodied intelligence (Cianchetti, 2021; Mengaldo et al., 2022;
Vihmar et al., 2023), or heuristics estimating manufacturability. We further discuss con-
trollability and observability metrics in Sec. A.6. (4) Finally, we propose leveraging the
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reduced-order model to derive the control law in a model-based fashion. Recent advance-
ments provide a solid foundation for exploiting dynamical models—whether physics-based
or data-driven—for control (Della Santina et al., 2023; Laschi et al., 2023). For example,
using Koopman theory to learn a linear model (or linearizing a nonlinear model around
equilibrium) enables the design of optimal controllers in closed form via LQR (Bruder et al.,
2020). For nonlinear models with a physical structure (i.e., with well-defined kinetic and
potential energy terms) (Alkayas et al., 2025; Armanini et al., 2023; Liu et al., 2024a; Stolzle
and Della Santina, 2024; Valadas et al., 2025), PID+Feedforward (Della Santina et al., 2023;
Stolzle and Della Santina, 2024; Stélzle et al., 2024b) or similar closed-form controllers, such
as PD+ (Della Santina et al., 2020c) or computed torque, can be designed. When dynamics
are modeled as generic nonlinear transition functions, such as RNNs (Thuruthel et al.,
2017) or NODEs (Kasaei et al., 2023), optimal control techniques such as MPC (Alora et al.,
2023a) or model-based RL (Thuruthel et al., 2018b) can compute the control input. These
model-based approaches to deriving a control law are dramatically more computationally
efficient than training an RL control policy from scratch for each design (Bhatia et al., 2021;
Wang et al., 2023a, 2022, 2023b).

Probabilistic Evaluation Metrics Another key tenet of holistic co-design is the explicit
recognition of uncertainty when evaluating a design computationally across multiple
dimensions (Chen and Wang, 2020). In contrast to many existing approaches (Wang
et al., 2024) that rely on one or a few metrics derived from simulations as stand-ins for a
design’s actual performance, our perspective acknowledges that such performance metrics
estimated via simulation are only proxies. For example, the DiffuseBot study (Wang et al.,
2024) assesses various robotic tasks—such as balancing, landing, crawling, gripping, and
box manipulation—using performance metrics based on closed-loop simulation outcomes.
However, the well-known sim-to-real gap (Dubied et al., 2022) means that a design’s
simulation performance often deviates from its real-world behavior (Junge and Hughes,
2022). Moreover, important factors like manufacturing costs (Junge and Hughes, 2022),
ecological sustainability, or the operational lifetime of a soft robot are difficult to evaluate
solely through simulation and instead require prototyping, verification, and real-world
testing, often with human involvement. As a result, the “optimal” design identified through
computational co-design may not be optimal in practice.

To address these challenges, we propose a framework that adopts a probabilistic view
of evaluation metrics—treating them as probabilistic beliefs about expected performance
conditioned on the design specifications. This approach enables us to (a) explicitly account
for uncertainty in the metrics during the design optimization process, (b) optimize the
design also based on metrics that cannot be directly evaluated in simulation (e.g., manufac-
turability), and (c) progressively build confidence in the metrics and reduce uncertainty
through high-fidelity simulations and/or prototyping. In our framework, the optimization
process leverages the current probabilistic estimates of the metrics (i.e., refinement) to
assess and improve designs computationally while using prototyping and experimental
validation to refine these metric estimates (i.e., realization). This balance draws on well-
established techniques from Bayesian optimization and reinforcement learning to manage
the trade-off between refinement and realization effectively. In Fig. A.2 (Right), refinement
is depicted as the iterative design cycles within the innermost layer, while realization is
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Figure A.3: A Framework for Efficient Computational Co-Design of Soft Robots: We sample reduced-order
design parameters x from an initial distribution that can include design priors from biological inspiration (Chen
and Wang, 2020; Laschi and Mazzolai, 2024; Mazzolai and Laschi, 2020), known mechanisms, or existing soft
robot designs. This design space—either learned or explicitly defined by physical or geometric values (i.e., size
optimization)—is translated by a design decoder into a detailed robot body description (such as a 3D mesh with
sensor and actuator placements) that provides immediate manufacturability feedback. A reduced-order model is
then derived (Alkayas et al., 2025; Alora et al., 2023a; Stolzle and Della Santina, 2024; Valadas et al., 2025) or learned
to efficiently assess workspace, open-loop compliance, and embodied intelligence (Cianchetti, 2021; Mengaldo
et al., 2022; Vihmar et al., 2023), offering inexpensive feedback to the optimizer. Similarly, perception and control
systems can be developed using this model (via model-based control (Della Santina et al., 2023), MPC (Alora et al.,
2023a), or differentiable physics (Béacher et al., 2021; Spielberg et al., 2019; Wang et al., 2023a)), while observability
and controllability are evaluated without costly simulations. Finally, closed-loop simulations (low-fidelity using
the reduced-order model or high-fidelity FEM-based (Coevoet et al., 2017)) assess integrated performance metrics,
which in turn optimize the sampling distribution, decoder, and all relevant system parameters. References in
graphic: (1): (Navez, 2024), (2): (Bhatia et al., 2021), (3): (Wang et al., 2023a), (4): (Wang et al., 2024), (5): (Song et al.,
2024), (6): (Sutton et al., 1998), (7): (Garnett, 2023), (8): (Medvet et al., 2022), (9): (Guan et al., 2023), (10): (Armanini
et al,, 2023), (11): (Valadas et al., 2025), (12): (Alkayas et al., 2025), (13): (Ménager et al., 2023), (14): (Alora et al.,
2023a), (15): (Spielberg et al., 2021), (16): (Junge and Hughes, 2022), (17): (Zheng et al., 2019), (18): (Amehri,
2022), (19): (Cianchetti, 2021), (20): (Mengaldo et al., 2022), (21): (Vihmar et al., 2023), (22) (Spielberg et al., 2019),
(23): (Della Santina et al., 2023).

shown by selected designs transitioning to the outer layers—achieved through building
prototypes with varying TR-Ls to enhance confidence in both the evaluation metrics and
the designs. Ultimately, this methodology ensures that resources are allocated efficiently
by prioritizing prototyping and testing in areas where predictive confidence is low but
the potential for outstanding real-world performance is high. We discuss this approach in
greater detail in Sec. A.5.

Synergistic Cross-Disciplinary Collaboration Collaboration is another pillar of this
co-design process. The approach actively involves diverse stakeholders, engineers, end-
users, material scientists, and domain experts from the outset. This collective input ensures
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that requirements are practical and adaptable to real-world constraints. For instance, when
designing a robotic arm for harvesting, growers provide insights into crop fragility and
harvesting techniques, guiding the development of soft end-effectors that minimize damage
and maximize yield.

In traditional design workflows, this kind of collaboration is often sequential: the
modeling engineer finishes their work and hands it over to the control engineer, who then
applies control strategies without sufficient feedback loops. This hand-off model creates
information silos and limits opportunities for iterative improvement. In contrast, co-design
promotes continuous communication between these roles. For instance, the modeling
engineer and the control engineer work in tandem, iterating on the design as new insights
emerge, resulting in a more refined final product.

Preserving Design Knowledge and Enabling Reproducibility A significant draw-
back of conventional design processes is the potential loss of the "design history". Key
insights, decisions, and trade-offs often remain undocumented, especially when team mem-
bers leave or shift roles. As a result, revisiting earlier design stages or learning from past
iterations becomes challenging or even impossible. For instance, if a research team wants
to tweak a previously tested actuator geometry after realizing performance limitations in
the field, they might discover that the rationale behind the original design choices is no
longer accessible.

Holistic co-design naturally addresses this issue by serving as a transparent log of the
development process. Design discussions, iterations, and parameter choices are recorded
throughout the project, creating an accessible "audit trail". If a team needs to revisit an
earlier design step, they can do so with clarity, regardless of team turnover or changing
project priorities. Furthermore, the audibility significantly eases the certification process,
which we already discussed previously.

In a co-design approach, however, the process remains inherently flexible. Since pa-
rameter definitions, performance assessments, and stakeholder inputs are continuously
documented, engineers can backtrack when needed to refine or adjust the design by re-
calibrating safety margins based on updated risk analyses, testing alternative hardware
configurations to optimize for cost or power consumption, or revisiting software algo-
rithms in response to emerging performance data. This iterative workflow inherently
aligns technical feasibility, regulatory compliance, and evolving business objectives in
a transparent manner, ensuring that every modification is grounded in both empirical
evidence and strategic considerations.

A.4 REDUCED-ORDER DESIGN PARAMETRIZATIONS

Since direct optimization of soft robots requires parameterization, we represent the design
via ny variables x € X, where X = R™ defines an n,-dimensional continuous design space.’
In soft robot co-design, these parameters typically encode essential characteristics, includ-
ing the spatial geometry of the robot’s body, actuator (Wang et al., 2024) and sensor (Junge
and Hughes, 2022; Spielberg et al., 2021) placement, material selection, and other structural
attributes. Traditionally, two methods have been employed to parameterize soft robot

2While a continuous space is assumed here, discrete design choices can be naturally embedded into this framework.
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designs: (1) size optimization (Chen and Wang, 2020), where (morphological) design opti-
mization parameters such as the number of segments, radii, segment lengths, and materials
are chosen explicitly (Calisti et al., 2011; Guan et al., 2023; Junge and Hughes, 2022; Navez
et al., 2024; Pagliarani et al., 2024; Polygerinos et al.,, 2015), or (2) discretization-based
shape/topology® optimization (Chen and Wang, 2020), which partition the continuous
design into two- or three-dimensional voxels or particles (Bhatia et al., 2021; Caasenbrood
et al., 2020; Medvet et al., 2022; Nadizar et al., 2022; Pinskier et al., 2024; Wang et al., 2022),
each categorized as empty (removed), passive (unactuated), active (actuated), or sensorized.

However, these traditional approaches have distinct drawbacks. Manually selected
parameters are often suboptimal, can introduce redundancies, or might include parameters
that have minimal or no impact on design objectives, unnecessarily complicating the
co-design process. Discretization-based parameterizations, on the other hand, create high-
dimensional optimization spaces that are computationally expensive to explore effectively.
Furthermore, these discretizations typically oversimplify practical constraints, such as
interactions between actuators and structural components, and frequently yield designs
difficult to realize in practice (Legrand et al., 2023).

To overcome these challenges, recent studies (Navez, 2024; Song et al., 2024; Wang
et al., 2024) have proposed optimizing within a reduced-order design space and then using
a (potentially learned) generative decoder to reconstruct the complete design—such as
generating a 3D mesh of the soft robot that includes sensor and actuator placements. In this
context, we incorporate a design sampler in the reduced-order space along with a design
decoder into our comprehensive co-design framework. Specifically, we define a proba-
bilistic design policy 3(x) : X — [0,1] that maps the design parameters x to a probability
Pr(x). During co-design, the generator samples parameters from this distribution, x ~ J(-),
which are then expanded into a full design description d € D by the decoder d = /(x).
The decoder may be either model-based - e.g., utilizing parametric CAD - or implemented
as a learned generative model, such as VAEs (Navez, 2024; Song et al., 2024), Generative
Adversarial Networks (GANs) (Hu et al., 2022), or Diffusion models (Wang et al., 2024).
Design priors—for example, proven soft robot designs (Navez, 2024), or biological inspira-
tion (Chen and Wang, 2020; Laschi and Mazzolai, 2024; Mazzolai and Laschi, 2020)—can
inform the initial guess (i.e., the prior) for the distribution 3(x). Throughout the co-design
process, the optimizer iteratively refines the posterior belief of J(x) via update steps (Song
et al., 2024; Sutton et al., 1998).

This flexible framework supports both model-based and learning-based approaches
while enabling optimization in a reduced-order space, thereby making the co-design process
more computationally tractable without sacrificing the detailed design information required
for accurate evaluation and subsequent fabrication.

Sensitivity analysis can play a crucial role within the aforementioned “design generator”
by reducing the dimensionality of the design parameters we sample and improving the
conditioning of the design decoder (Chen and Wang, 2020; Guan et al., 2023; Navez, 2024).
When choosing geometrical parameters, manufacturing constraints, and actuation variables,

3Shape optimization refers to adjusting the boundaries or surfaces of an existing design while maintaining the
overall connectivity (or topology) of the structure. On the other hand, topology optimization rethinks the
structure from the ground up while potentially adjusting the connectivity (e.g., creating or removing elements)
of the structure (Chen and Wang, 2020).
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sensitivity analysis is vital for pinpointing and eliminating parameters that exert minimal
influence on performance. This involves systematically varying parameters—such as wall
thickness, segment lengths, material stiffness, and actuator placement—to evaluate their
impact on key performance metrics like gripping force, range of motion, and energy
consumption. Formally, for a given metric m;(x) : R™ — R™J that maps design parameters
to an optimization objective ¢;, the local sensitivity of the ith design parameter x; at a
design x is given by s; = ‘a%;x) € R"J, which measures the magnitude of its influence. For
instance, in a soft robotic gripper designed for fruit harvesting, sensitivity analysis may
show that finger curvature and material elasticity have a significant effect on grasping
delicate produce (yielding a high s;), whereas small variations in actuator placement may
have a negligible impact (a low s;). Consequently, the optimization process can focus
computational resources on refining the most critical parameters—either by (a) employing
a curriculum approach that defers optimization of less sensitive parameters until later
stages or (b) completely fixing these parameters to reduce the search space.

Encoding deformations in a low-dimensional subspace improves computational effi-
ciency for both design optimization and control. Rather than tackling high-dimensional,
resource-intensive simulations, designers can employ reduced-order models that encapsu-
late the primary deformation modes of soft robotic morphology.

A.5 PRoOBABILISTIC CO-DESIGN METRICS: FORMALIZING

THE REFINEMENT VS. REALIZATION TRADE-OFF

As discussed earlier, our holistic co-design framework inherently balances a trade-off
between refinement and realization when evaluation metrics—such as manufacturability
or task-centric performance—are treated probabilistically. In this setting, refinement in-
volves running a computational co-design cycle that evaluates new design candidate(s) and
updates the posterior design sampling policy based on the current evaluation metric prior.
Conversely, realization seeks to enhance our confidence in the metric by performing high-
fidelity simulations and/or fabricating prototypes with progressively higher TRLs (Junge
and Hughes, 2022).

To formalize this further, consider an evaluation metric ¢; = m;(x) that assigns a cost
cj € Cjto adesign x € X, which we aim to minimize during the co-design process. Here, the
subscript j indicates the jth metric and its associated cost c;. As noted earlier, the soft robot
co-design problem is typically addressed in a multi-objective context where various metrics
capture aspects such as task performance (e.g., task completion time, energy consumption),
safety, controllability, observability, manufacturing costs, and more. In practice, however,
accurately evaluating these metrics is typically very expensive since it involves building
a prototype and conducting extensive field trials or user studies. Instead, we may have
access to a simplified computational model or a current probabilistic belief about the metric,
denoted as (¢, x) : CjxX — [0,1], which maps a design x and an estimated cost* ¢; € C;
to a probability Pr(¢;, x). We now detail the definitions of refinement and realization in
this framework.

Refinement. During refinement, we adopt a Monte Carlo procedure by querying

“The cost is equivalent to a loss and may also be viewed as a negative reward.
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Figure A.4: Refinement vs. Realization. Top Left: This panel shows how refinement affects the design
sampling distribution J(x). Unlike (most) conventional co-design methods that sparsely explore the design
space, we condition 3(x) on design priors (e.g., biological inspiration and existing soft robot designs) and
iteratively update it via the co-design optimizer until the optimum is reached. Bottom Left: Here, we demonstrate
how iterative realization refines probabilistic evaluation metrics. Rather than using deterministic metrics that
ignore inherent simulation uncertainty, we define a probabilistic distribution j(éj,x) for each metric, with
purposeful prototyping reducing the uncertainty over iterations. Right: This panel examines the tradeoff between
refinement and realization. We define the realization ratio RealR as the fraction of realization iterations relative
to the total iterations and the sim-to-real error as |c; —E[¢;]]. We then plot the evolution of real-world cost
c;j versus sim-to-real error as iterations increase for a fixed RealR: when limRealR — 0, designs are optimized
computationally with realization occurring only at the end, while RealR = 1 means only the confidence in the
evaluation metrics is increased. The optimal ratio RealR™ efficiently minimizes the real-world cost to its optimum
min, ¢;j(x) via refinement and reduces the sim-to-real error to zero by updating 1;(¢;, x) via realization.

the metric conditioned on the design, i.e., ¢; ~ m;(, x). The resulting estimated cost ¢; is
then employed either as an optimization objective or as part of a constraint. Crucially, the
optimizer leverages this estimated cost to update the posterior distribution of the design
variables x, adjust any free parameters of the decoder §(x), and tune other pertinent
parameters such as control or observer gains or hyperparameters of the reduced-order
model. This process represents one iteration of computational co-design, which can be
visualized as one cycle in Fig. A.3 and as a cycle within the innermost layer in Fig. A.2 (Right).
Drawing an analogy to traditional product development cycles, refinement resembles the
diverging phase, where new concepts and designs are explored and assessed. Similarly,
during exploitation phases in RL, where a fixed action policy 7(a, s) is followed during
inference without necessarily updating the policy’s parameters. In our context, instead
of a reward for following the action policy, our outcome is a posterior design generator
distribution along with updated design decoder parameters.

Realization. In realization, our goal is to boost our confidence in the defined metrics.
Specifically, we aim to maximize the expected information gain regarding the metrics for
the current best design—effectively reducing the entropy (or uncertainty) of the metric’s
posterior around the optimal design. To do this, we can employ methods like Predictive
Entropy Search (PES) from Bayesian optimization (Hernandez-Lobato et al., 2014), which
assists in pinpointing the global minimizer x* of the jth cost c;. The acquisition function
apes(x) : X — C; then enables us to select the next candidate point x, = arg min,cx apes(x)
that most effectively reduces the uncertainty regarding the location of x* (Hernandez-
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Lobato et al., 2014), where
apes(x) = H[m;(x)] —E,;lj(x*) [H(Pr(éj | x, x*))] , (A.2)

and H[p(x)] = — [ p(x)log(p(x))dx denotes the differential entropy. Another challenge in
holistic co-design is that our goal is not only to reduce uncertainty about the optimum of a
single metric through realization but to do so for all metrics involved in the multi-objective
optimization problem. Consequently, future research should focus on developing methods
that effectively select the next sample point x;, for realization, simultaneously minimizing
the uncertainty across multiple metric estimates ri2;(x,) while also accounting for the cost,
time, and effort required to obtain accurate ground-truth measurements. We conclude that
in holistic co-design, realization aligns with the converging phases of traditional product
development, where concepts and designs are validated through simulations or prototypes
to reduce risk and uncertainty, thereby informing better future decisions (for instance, by
ruling out designs that are suboptimal based on more certain metrics). Similarly, just as RL
utilizes random policies to explore unseen state-action pairs (Sutton et al., 1998) within
exploration phases®, we advocate leveraging high-fidelity simulators and prototypes to
verify and enhance metrics for previously untested designs.

In practice, it is crucial to strike a balance between refinement and realization, similar
to the exploitation vs. exploration tradeoff in RL. Refinement can generate (potentially)
better designs at the cost of computational time, and the resulting design may not be
optimal due to uncertainties in the predicted costs of the various metrics—essentially,
a discrepancy between model predictions and reality. In contrast, realization does not
directly enhance the design; instead, it bolsters our confidence in the metrics through
high-fidelity simulations and prototyping tests at different TRLs, often incurring significant
expense, particularly when human designers are involved in fabricating and validating
the prototypes. To manage this trade-off, established techniques from RL (Sutton et al.,
1998) and Bayesian optimization (Garnett, 2023) can be applied. For example, one viable
approach is to assess the Expected Improvement (EI) (Jones et al., 1998) when sampling a
new design and building its prototype while accounting for the uncertainty inherent in the
metric under consideration.

Even when a balance between refinement and realization is achieved, realization—through
prototyping and real-world validation—remains both resource- and cost-intensive. To ad-
dress this challenge, we propose that the community create a shared database where
researchers and engineers can contribute soft robotic designs along with their performance
benchmarks. In line with efforts to enhance soft robot benchmarking (Bhatia et al., 2021;
Wang et al., 2023a) and reproducibility (Baines et al., 2024), such a repository would im-
prove the initial probabilistic beliefs in the metrics and reduce uncertainty in computational
evaluations. Ultimately, this would lessen the reliance on expensive realization processes,
which is especially important for aspects like serial production costs that are impractical
to repeat multiple times during a given design cycle.

5A key difference between exploration in RL and realization in co-design is that in product development, the final
optimized system must be implemented, whereas in RL, further exploration may be unnecessary if the policy
already meets performance expectations.
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A.6 Co-DESIGN OF PHYSICAL INTELLIGENCE

For rigid robotic manipulators, the joint and link topology is well-defined, which simplifies
deriving a kinematic model that describes the robot’s state using a limited number of con-
figuration variables (e.g., joint angles) (Siciliano et al., 2010; Zhao et al., 2020). Such models
are crucial for downstream tasks like model-based control, model-based RL, and motion
planning. In contrast, the continuous deformability of continuum soft robots makes it chal-
lenging to establish such reduced-order models. Traditionally, the soft robotics community
has relied on expert intuition and trial-and-error to determine finite-dimensional descrip-
tions of the robot’s backbone shape, such as PCC (Webster III and Jones, 2010), PCS (Renda
et al., 2018), GVS (Renda et al., 2020). However, the appropriateness of these choices de-
pends heavily on the robot’s topology, actuation, and dynamic modes. Consequently, it
is vital to co-design the reduced-order model alongside the soft robot hardware. In this
context, our focus is on applying algorithms capable of automatically identifying a suitable,
potentially control-oriented model without requiring user intervention. One promising
direction involves modern machine learning methods to derive reduced-order models in
a data-driven fashion (Alora et al., 2023a; Bern et al., 2020; Chen et al., 2024; Ménager
et al., 2023; Thuruthel et al., 2017), with recent applications emerging in co-design/design
optimization (Navez, 2024). Alternatively, to address the sample inefficiency and limited
extrapolation of fully learned models, the community has recently proposed methods to
automatically adapt existing finite-dimensional strain approximations to a given soft robot
design using data-driven approaches (Alkayas et al., 2025; Navez et al., 2025; Valadas et al.,
2025).

As noted in Sec. A.2, most current co-design approaches indirectly assess the system’s
controllability and observability by running simulations or real-world experiments with a
learned controller. However, this process provides a weak signal because it is difficult to
determine whether poor control performance arises from an inadequate controller or from
inherent challenges in controlling or observing the system. We contend that integrating
direct metrics for controllability and observability into the co-design process could acceler-
ate convergence and reduce the reliance on computationally expensive simulations and
experiments. For example, the controllability and observability of a nonlinear soft robot
dynamic model can be evaluated using established techniques (Griffith and Kumar, 1971;
Zheng et al., 2019). Alternatively, one may linearize the system around an equilibrium (e.g.,
the straight configuration) and then use the resulting state-space description to assess the
well-known linear properties. Moreover, it is important to consider the stability of the
closed-loop system dynamics. When guiding the soft robot towards a desired configuration
q¢, previous work has shown that common control strategies, such as PD+Feedforward, are

locally stable within a region where the potential field is convex (e.g., when %2712/ +K, > 0).

Given that we typically aim to keep proportional feedback gains as low as possible to
enhance phase margins and reduce control effort, it follows that achieving closed-loop

stability over a larger region—or even global asymptotic stability—requires optimizing the
soft robot design so that ‘;ZTIZ/ > 0 throughout the entire desired workspace.
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A.7 EXPLOITING SAFETY VS. PERFORMANCE TRADE-OFF

VIA MULTI-OBJECTIVE OPTIMIZATION

Safety and performance are fundamental components in multi-objective co-design, often in
conflict. Specifically, safety can be treated as either a maximization objective—continuously
optimizing for compliance—or a design/control constraint, ensuring a minimum threshold
is met. Furthermore, unlike rigid robotics, which predominantly ensures safety through
computational methods, or conventional soft robotics, which relies primarily on material
compliance, we argue in this chapter that the safety of soft robots should be addressed by
jointly considering both the characteristics of the robot’s body and its brain.

In our proposed holistic approach, we treat the trade-off between safety and perfor-
mance as a multi-objective optimization problem during the design of the soft robot’s body
(i.e., morphology) and brain (i.e., controller). Specifically, we simultaneously maximize both
objectives while enforcing a constraint to ensure that the worst-case safety of the closed-
loop system always meets or exceeds the specified task requirements. During deployment
(i.e., the control phase), adaptive strategies dynamically balance safety and performance
according to real-time conditions, again ensuring safety always remains above the required
task threshold. This layered approach broadens the design space by reducing constraints
traditionally imposed on structural components. It also increases resilience, as the robot
remains safe even in scenarios where control performance is compromised.

A.8 CoNcLUSION AND OPEN CHALLENGES

A.8.1 CoNCLUSION

In this chapter, we introduced an approach that leverages holistic co-design to develop soft
robots that are both safe and high-performing. First, we reviewed existing soft robot design
approaches, covering both traditional design processes and early research on co-design.
This review revealed shortcomings in current co-design methods, such as computational
inefficiencies and a tendency to focus solely on aspects that can be fully simulated while
neglecting critical downstream factors like prototyping, real-world evaluation, manufac-
turability, safety, and regulatory issues. We subsequently proposed a framework for holistic
co-design that incorporates several essential modifications and additions. This framework
emphasizes the optimization of broader design values—such as manufacturability, safety,
and cost considerations in both manufacturing and operation—rather than relying solely on
a single, simulation-based performance metric. Furthermore, we identified several avenues
to boost the computational efficiency of co-design, including the use of reduced-order
design spaces, the co-learning of reduced-order models, and auxiliary metrics that provide
early, cost-effective feedback on controllability, observability, and open-loop compliance,
as well as the model-based derivation of controllers. We also presented a probabilistic
perspective on co-design metrics, explaining how high-fidelity simulations and a strategic
selection of prototypes can build confidence and reduce uncertainty in evaluation metrics.
Looking ahead, exploiting the trade-off between design refinement and realization may
lead to solutions that are not only optimal in simulation but also effective in the real
world. Finally, we stressed the importance of synergistic cross-disciplinary collaboration,
noting that a holistic co-design approach can help preserve design knowledge and enhance
reproducibility within soft robotics.
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This holistic co-design approach would also be instrumental in formalizing the trade-
off between safety and performance, allowing us to pinpoint effective soft robotic de-
signs—integrating both morphology and control—that excel at the task while satisfying a
broad range of values and requirements without compromising safety.

A.8.2 NEXT STEPS AND OPEN CHALLENGES

As the next steps, we suggest taking initial steps to enable its realization. This includes but is
not limited to: (1) deriving and verifying metrics such as manufacturability, fabrication and
operation costs, controllability, and observability in a model-based fashion so they can be
computationally evaluated and integrated into co-design methodologies—with an emphasis
on making these metrics openly accessible and easily combinable; (2) investigating effective
methods to incorporate design priors, such as existing soft robotic designs (Navez et al.,
2024) or biological inspirations from invertebrates (Chen and Wang, 2020; Krieg et al., 2015;
Laschi et al., 2012; Laschi and Mazzolai, 2024), into the design sampling process. Generative
and foundation models—such as VLMs trained on internet-scale data (Grattafiori et al., 2024;
Hurst et al., 2024)—offer promising avenues for accelerating the development of novel soft
robotic architectures. Initial studies should explore how these models can serve as design
samplers by proposing bioinspired or unconventional morphologies that might not arise
from traditional optimization routines. For instance, a VLM could be prompted to suggest
soft robot designs for specific tasks and constraints (Ghasemi and Moghaddam, 2025; Stella
et al., 2023a), potentially conditioned on renderings or descriptions of previously evaluated
designs - i.e., through in-context learning (Brown et al., 2020), which could then be mapped
into a reduced-order design space x via a learned neural network. Connected to this, (3)
VLMs could also be effective as design critics (Ghasemi and Moghaddam, 2025)—assessing
factors such as perceived human safety, environmental impact, feasibility, ergonomics, and
functional versatility, aspects that are challenging to model from first principles. (4) As
discussed in Sec. A.5, it is crucial to investigate how to effectively exploit the trade-off
between design refinement and realization. The ideal approach should account for the
resources (e.g., effort, cost) required for each refinement and realization cycle, allocating
them optimally to enhance design improvement efficiency. (5) As emphasized in Sec. A.6,
a major challenge in the co-design of soft robots is optimizing effective control policies
in a computationally tractable manner. One potential alternative to the model-based
control approach presented here is to draw inspiration from emerging X-Embodiment
policies (O’'Neill et al., 2024) developed for rigid manipulators and to develop controllers
that work across a variety of soft robotic designs, thereby avoiding the need to train
a specialized controller for each design from scratch. Moreover, (6) characterizing the
Pareto front between safety and performance will enable a structured trade-off analysis,
particularly in common tasks such as pick-and-place, where payload capacity, speed, and
compliance must be optimized simultaneously.
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SUPPLEMENTARY MATERIAL TO
CHAPTER 11 - COUPLED
OsCILLATOR NETWORKS

This appendix provides supplementary material for Chapter 11. In particular, we offer further
details on the training and evaluation process, including the mathematical definitions of all
baseline methods and evaluation metrics considered. Additionally, we present extra results on
learning latent dynamics—such as a complete set of evaluation metrics and the number of
trainable parameters for every evaluated method—as well as sequences of stills illustrating
the prediction results of CON across all datasets. Finally, we include additional findings on
model-based latent space control, featuring baselines like a pure feedback controller based on
a NODE model and one based on the learned CON dynamics.

This appendix is partly based on [2] ¥ M. Stélzle, and C. Della Santina (2024). Input-to-State Stable Coupled
Oscillator Networks for Closed-form Model-based Control in Latent Space. In Proceedings of Advances in Neural
Information Processing Systems (NeurIPS) 37, Spotlight (Stolzle and Della Santina, 2024). M.S. and C.D.S conceived
the project, developed the formulation of the coupled oscillator network, and derived the stability proof. M.S.
devised the closed-form approximation to the CON dynamics, came up with the model-based control approach,
and implemented the training and control pipeline. M.S. planned and conducted all experiments and wrote the
manuscript. C.D.S. revised the manuscript, provided funding, and supervised the project.
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B.1 APPENDIX ON EXPERIMENTAL SETUP

B.1.1 AUTOENCODER ARCHITECTURE
For the encoder and decoder, we rely on a vanilla CNNs implemented as a f-VAE (Kingma
and Welling, 2014).

Encoder. The encoder consists of two convolutional layers with kernel size (3,3) and
stride (1,1) mapping to 16, 32, respectively. The features are flattened and then passed to
two linear layers with hidden dimensions 256 and n,. Each layer (except for the last) is
followed by a layer norm (Ba et al., 2016) and a LeakyReLU nonlinearity.

Decoder. The decoder first uses two linear layers to map to hidden dimensions of 256
and 32768, respectively. We then apply two 2D transposed convolutions (Dumoulin and
Visin, 2016), reducing the number of channels first to 16, and then to 1. Each layer (except
for the last linear and last convolutional) is followed by a layer norm (Ba et al., 2016) and a
LeakyReLU nonlinearity. Finally, we apply a sigmoid function to clip the output into the
range [—1,1].

B.1.2 LATENT DYNAMIC MODELS
In the following section, we provide implementation details for the latent dynamic models
that we evaluated as part of this work.

CouPLED OscILLATOR NETWORK (CON)

We leverage the CON in W-coordinates given by (11.3) for learning latent space dynamics.
Specifically, we consider the input-to-force mapping g(u)) = B(u) u(t), where B(u) € R™™
is parametrized by few-layer MLP. We report results for two different sizes of the MLP: one
medium-sized variant consisting of five layers with a hidden dimension of 30 and a small
variant with two layers and a hidden dimension of 12. In both cases, we use a hyperbolic
tangent as a nonlinearity.

When training the model, we jointly optimize M\;l,KW,DW, b and g(u). However, we
also need to make sure that we adhere to the stability constraints Mv’vl,Kw,DW > 0. For
this, we leverage the Cholesky decomposition (Petersen et al., 2008). Instead of directly
learning the full matrix A € R"#*":, we designate the elements of an upper triangular
matrix U € R"" as the trainable parameters. The Cholesky decomposition demands that
diag(Us, ..., Un,n,) > 0. Therefore, we apply the operation

Uy :log(1+eUi"+el)+62, (B.1)

where U is the learned upper triangular matrix, and €; = 1x107° and €, = 2x 107° are two
small, positive values. The positive-definite matrix A is now given by A=UT U > 0.

NEeuraL ODEs
We consider two kinds of NODEs (Chen et al., 2018): the vanilla fyopg : £(t)x u(t) = £(t)
maps latent state and system actuation directly into a time derivative of the latent state.
In contrast, for the MECH-NODE, we enforce the latent dynamics to have a mechanical
structure

_ (1)

, dz
§(0)= [‘%} - [fMECH—NODE(f(t), u)|’ ®2)
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We represent both fyopg and furcu-Nope as MLPs consisting of 5 layers, a hidden dimen-
sion of 30, and a hyperbolic tangent nonlinearity.

AUTOREGRESSIVE MODELS

For the below stated autoregressive models, we divide the integration between two (latent)
samples £(#) and &(t41) into Niyt integration steps E(ty + 8t),..., E(tg + k' 5t),..., E(t +
Nint6t) where 8t is the integration step size and t;,; = ty + Nipt6t. The autoregressive
model now describes the transition &(fy 1) = far(E(tp), u(t))) VK’ € 1,..., Nint.

RNN. We implement a standard, single-layer Elman RNN with tanh nonlinearity. The
hidden state captures the latent state of the system. The latent state transition functions
are given by

£(tyr 1) = tanh(Whp E(t) + bin + Win u(ti) + bin), (B.3)

where Wiy, € R¥%*2%= b € R?" Wy, € R*™*™ and by, € R%™.

GRU. We implement a standard, single-layer GRU (Cho et al., 2014) with sigmoid
activation function, where we interpret the latent state of the system as the hidden state of
the cell. The latent state transition functions are given by

r=0 (Wi E(tyr) + bue + Wi u(ty) + byr)

p =0 (Whyp E(tyr) + by + Wip u(ti) + bip)

n = tanh (r © (Whn () + bpn) + Win u(ty) + bin)
E(tri) =(1-p)On+p0o&(ty)

(B.4)

where o is the sigmoid function, ® the Hadamard product, Why, Wip, Whn € R2"7,
Wir, Wip, Win € R?"=X™ and by, bir, bipa bin € R*"=.

coRNN. A time-discrete coRNN is defined by the transition function

_ = (te)| _ 2(tr) + Ot (1)
Ete) = | 500 )| = | (t) + 6t (cy2(t) = e2(t) + tanh (W E(t) + Vu(te) + b))
(B.5)

where y, e € R are positive, scalar hyperparameters representing the stiffness and damping
coefficients, respectively. The term tanh(W&(ty) + Vu(ty) + b) with W € R2""2": |V ¢
R™*™ and b € R™ contributes nonlinear state-to-state connections. It is implemented with
a linear layer operating on (£(t/), u(#;)) followed by a hyperbolic tangent nonlinearity.

CFA-CON. We adapt the Alg. 3 for predicting the time evolution in latent-space

E(tpr41) = fora—con(E(t), u(ty)), (B.6)

where fcpa—con describe the autoregressive state transition by the CFA-CON model as
introduced in Eq. 11.45.
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B.1.3 FIRST-ORDER VARIANTS OF DYNAMICAL MODELS

For learning (latent) dynamics of 1%*-order systems (e.g., the reaction-diffusion dataset R-D),
it might also be beneficial to formulate the dynamical model to be of 15t-order. While this
is straightforward for some dynamics that do not explicitly take the order into account
(e.g., RNN, GRU, NODE), for other models such as coRNN, CON, and CFA-CON, more
adjustments are necessary. Namely, we substitute the % component of the ODE with the
expression for ‘;—f. Furthermore, we remove any terms that depend on the velocity z (e.g.,
damping effects). Below, we report in detail the adapted, 1'-order formulations for the
coRNN, CON, and CFA-CON models.

CON. Inthe 1%-order version, we adapt the standard, 21d_order ODE of the CON network
as defined in (11.3) to

£(t) = 2() = My' (g(u(t)) — Kywz(t) — tanh(z(t) + b)). (B.7)
coRNN. In the 1%-order version, we define the transition function as
f(tk/+1) = Z(tk/+1) = Z(tk/) — ot Y Z(tk/) + 6t tanh(Wf(tk/) + Vu(ty)+ b) . (BS)

CFA-CON. We adapt a 1%-order version of Alg. 3 for predicting the time evolution in
latent-space

L +0t

E(ta) = 2tsr) = () + / F(te) -k 2(1)dY, 59

F(ty) = g(u(ty)) — (K — x)z(ty) —tanh(Wz(t) + b),

where the closed-form solution for the integral is given by

tk/+5t ,
/ F(tp)—xz(t')dt' = %k) (1- ef’“”) ) (B.10)
b

/

B.1.4 TRAINING
We implement the network dynamics and the neural networks (e.g., encoder, decoder,
and MLPs) in JAX (Bradbury et al., 2018) and Flax (Heek et al., 2023), respectively. When
training or inferring time-continuous dynamical models (e.g., NeuralODE, CON), we rely
on Diffrax (Kidger, 2021) for numerical integration of the ODE using the Dormand-Prince’s
5/4 method (Dormand and Prince, 1980) (Dopri5). For the numerical integration of both
the time-continuous and the time-discrete models (e.g., RNN, coRNN, CFA-CON), we use
an integration time-step &t of 0.025s and 0.01s for the Toy Physics (Botev et al., 2021) and
soft robotic datasets, respectively.

Because of the GPU memory constraints, we limit ourselves to a batch size of 30 and
80 trajectories for the Toy Physics (Botev et al., 2021) and soft robotic datasets, respectively.
We implement a learning rate schedule consisting of a warm-up (5 epochs) and a cosine
annealing (Loshchilov and Hutter, 2016) period (remaining epochs). We employ an AdamW
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optimizer (Kingma and Ba, 2014; Loshchilov and Hutter, 2018) with ; = 0.9, 2 = 0.999
for updating both neural network weights (e.g., encoder, decoder) and parameters of the
dynamical model (e.g., K, Dy, My, etc.).

B.1.5 EVALUATION METRICS

Similar to other publications in the field (Liu et al., 2018a; Stolzle et al., 2022; Yu et al., 2018),
we state the RMSE, the Peak Signal-to-Noise Ratio (PSNR) and the Structural Similarity
Index Measure (SSIM) (Wang et al., 2004) between the ground-truth image o € Rho*wo and
the predicted image image 6 € R"*"o. We use the separated test set for all evaluation
results.

RooT MEAN-SQUARE ERROR
The RMSE between the two images is given by

RMSE(0,6) = ZO:Z(O“” Ow)’ (B.11)

u=1v=1 hWo

PEAK SIGNAL-TO-NOISE RaTIO
The PSNR is a function of the total MSE loss and the maximum dynamic range of the image
L.

PSNR(0,6) = 20 loglo(L)—lologw(ZZ(O“;l Ouw)” ) (B.12)
u=1v=1 Wo

As we work with normalized images with pixels in the interval [—1,1], the dynamic range
isL=2.

STRUCTURAL SIMILARITY INDEX MEASURE

As simple pixel-by-pixel metrics such as RMSE or PSNR tend to average out any encountered
errors, this could lead to a situation in which a significant reconstruction error in a part of
the image is not seen in the RMSE metric but has a huge impact on the visual appearance
of the reconstruction. SSIM (Wang et al., 2004) incorporates not just the absolute errors, but
also the strong inter-dependencies between pixels, especially when they are spatially close.
The SSIM metric between two observations o and 6 is given by

SSIM(0,6) = 1%(0,6) cP(0,6) 5" (0, 6), (B.13)
where

2pop5 + C1

20,05+ Cy . 0,5+ Cs
. 2 , s(0,0) =
Mo+ 5+ C

U§+0§+C2’ 0,05+Cs

l(0,0) = c(0,0) = (B.14)
We use the constants C; = (k;L)?, C; = (k,L)? and C3 = C,/2, where L signifies the dynamic
range as previously used for the PSNR metric, and k; = 0.01 and k; = 0.03. The average
u and the variance o2 are computed with a Gaussian filter with a 1D kernel of size 11
and sigma 1.5. We set the weight exponents «, , and y for the luminance, contrast, and
structure comparisons all to one. We rely on the PIX library (DeepMind et al., 2020) for

efficiently computing the SSIM metric.
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B.1.6 ComPUTE RESOURCES
We trained the models on several desktop workstations for a total duration of roughly
150 h. In total, we relied on 10x RTX 3090/4090 GPUs, each with 24 GB of VRAM, training
the models in parallel. Each workstation contained between 64 and 128 GB of RAM, and
we used roughly 100 GB of total storage. Training each model on one random seed took
between 45 min and 4 h depending on the model type, the integration time constant, and
the number of trainable parameters. The hyperparameter tuning we conducted beforehand
(only on one random seed) took roughly the same time and computational resources as
generating the final results.

For the control experiments, we additionally used a laptop with a 16-core Intel Core
i7-10870H CPU and 32 GB RAM. We did not need to use a GPU for evaluating the model
during closed-loop control.
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B.2 APPENDIX ON LEARNING LATENT DYNAMICS

We report the full set of quantitative results, including the additional evaluation metrics
PSNR and SSIM, in Tables B.4 to B.7. For PCC-NS-2 in Tab. B.5, we additionally recorded the
training steps per second on an Nvidia RTX 3090 GPU with a batch size of 80 (which leads
to 8080 images per batch). We plot the results of a sweep across the latent dimensions for
the additional evaluation metrics PSNR and SSIM in Fig. B.1. Correspondingly, we visualize
the number of trainable parameters of each model vs. the latent dimension in Fig. B.2. In
Figs. B.3- B.5, we present sequences of stills for the rollout of the trained CON(-M) models
on the various datasets.

Model RMSE | PSNR 1 SSIM 1 # Params. |
RNN 0.2739 +£0.0057 4.16 £0.02 0.6958 £0.0122 88
GRU (Cho et al.,, 2014) 0.0267 £0.0033 6.13+£0.09 0.9861 +£0.0022 248
coRNN (Rusch and Mishra, 2020) 0.0265 +0.0002 6.13+0.01 0.9853 +£0.0006 40
NODE (Chen et al., 2018) 0.0264+0.0010 6.14+0.03 0.9858 +£0.0009 3368
MECH-NODE 0.0328 +0.0034 5.99+0.07 0.9821+0.0024 3244
CON (our) 0.0303 +£0.0053 6.05+0.13 0.9847 +£0.0027 34
CFA-CON (our) 0.0313 £0.0026 6.02+0.06 0.9843 +0.0008 34

Table B.1: Benchmarking of CON and CFA-CON at learning latent dynamics on the M-SP+F (mass-spring
with friction) dataset. For all models, a latent dimension of n, = 4 is chosen. As this dataset does not consider
any inputs, we remove all parameters in the RNN, GRU, coRNN, CON, and CFA-CON models related to the
input mapping. MECH-NODE is a NODE with prior knowledge about the mechanical structure of the system
(ie., % = x). We report the mean and standard deviation over three different random seeds and the number of
parameters of each latent dynamics model.

Model RMSE | PSNR 1 SSIM ¢ # Params. |
RNN 0.2378 £0.0352 4.31+0.15 0.7568 +0.0350 88
GRU (Cho et al., 2014) 0.1457 £0.0078 4.78 £0.05 0.9168 +0.0093 248
coRNN (Rusch and Mishra, 2020) 0.1333 +£0.0044 4.86+0.03 0.9194 +0.0055 40
NODE (Chen et al., 2018) 0.1260+£0.0013 4.91+£0.01 0.9379 £0.0009 3368
MECH-NODE 0.1650 +0.0205 4.67+0.12 0.8985+0.0153 3244
CON (our) 0.1303 +0.0064 4.88 +£0.04 0.9175+0.0095 34
CFA-CON (our) 0.1352+0.0073 4.85+0.05 0.9133 +0.0052 34

Table B.2: Benchmarking of CON and CFA-CON at learning latent dynamics on the S-P+F (single pendulum
with friction) dataset. For all models, a latent dimension of n, = 4 is chosen. As this dataset does not consider
any inputs, we remove all parameters in the RNN, GRU, coRNN, CON, and CFA-CON models related to the
input mapping. MECH-NODE is a NODE with prior knowledge about the mechanical structure of the system
(ie., % = x). We report the mean and standard deviation over three different random seeds and the number of
parameters of each latent dynamics model.
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Model RMSE | PSNR 1 SSIM 1 # Params. |
RNN 0.1694 4+ 0.0004 4.631+0.002 0.708240.0032 672
GRU (Cho et al., 2014) 0.1329 4+ 0.0005 4.858+0.003 0.8340+0.0021 1968
coRNN (Rusch and Mishra, 2020) 0.1324+0.0016 4.862+0.012 0.8229+0.0039 348
NODE (Chen et al., 2018) 0.13244+0.0024 4.861+0.016 0.810140.0024 4404
MECH-NODE 0.1710+0.0111 4.624+0.063 0.7170 4+ 0.0439 4032
CON (our) 0.1323+0.0018 4.862+0.013 0.8067 +0.0038 246
CFA-CON (our) 0.1307 +0.0012 4.873+0.008 0.8147 +0.0034 246

Table B.3: Benchmarking of CON and CFA-CON at learning latent dynamics on the D-P+F (double pendulum
with friction) dataset. For all models, a latent dimension of n, = 12 is chosen. As this dataset does not consider
any inputs, we remove all parameters in the RNN, GRU, coRNN, CON, and CFA-CON models related to the
input mapping. MECH-NODE is a NODE with prior knowledge about the mechanical structure of the system
(i.e., ‘i—’; = x). We report the mean and standard deviation over three different random seeds and the number of
parameters of each latent dynamics model.

Model RMSE | PSNR 1 SSIM 1 # Params. |
RNN 0.1011+£0.0009 25.92+0.08 0.9777 £0.0004 696
GRU (Cho et al., 2014) 0.1125+0.0100 24.994+0.74 0.9730 4 0.0040 2040
coRNN (Rusch and Mishra, 2020) 0.2537+0.0018 17.93+£0.06 0.8820+0.0024 336
NODE (Chen et al., 2018) 0.241540.0021 18.36 +0.08 0.8946 4 0.0023 4374
MECH-NODE 0.249440.0028 18.08 £0.10 0.8898 +0.0016 4002
CON-S (our) 0.1993 £+ 0.0646 20.03+2.44 0.9218 +0.0380 1386
CON-M (our) 0.1063 £ 0.0027 25.4940.22 0.9758 +£0.0011 8568
CFA-CON (our) 0.1462+0.0211 22.72+1.17 0.9573+0.0103 8568

Table B.4: Benchmarking of CON and CFA-CON at learning latent dynamics on the CS (soft robot with one
constant strain segment) dataset. For all models, a latent dimension of n, = 12 is chosen. CON-S and CON-M
are small and medium-sized versions of the CON model, respectively. MECH-NODE is a NODE with prior
knowledge about the mechanical structure of the system (i.e., % = x). We report the mean and standard deviation
over three different random seeds and the number of parameters of each latent dynamics model.

Model RMSE | PSNR 1 SSIM 1 # Params. | % 1 Inf. time [ms] 1
RNN 0.1373+0.0185 23.27+1.10 0.9643+0.0077 320 1.87 02.6
GRU (Cho et al., 2014) 0.0951+0.0021 26.45+0.19 0.9730+0.0040 928 1.83 03.2
coRNN (Rusch and Mishra, 2020) 0.2504 +0.0899 18.05+2.66 0.9814 +0.0006 152 1.89 02.7
NODE (Chen et al., 2018) 0.1867 £ 0.0561 20.60+2.28 0.8774+0.0857 3856 0.79 50.2
MECH-NODE 0.10354+0.0012 25.07+0.06 0.9778 +0.0004 3062 0.79 50.3
CON-S (our) 0.0996 +£0.0012 26.05+0.11 0.9792+0.0007 676 0.78 50.2
CON-M (our) 0.1008 +0.0006 25.95+0.05 0.9786 +0.0003 7048 0.60 60.1
CFA-CON (our) 0.11244+0.0025 25.01+0.19 0.9734+0.0012 7048 1.12 13.6

Table B.5: Benchmarking of CON and CFA-CON at learning latent dynamics on the PCC-NS-2 (soft robot with
two constant curvature segments) dataset. For all models, a latent dimension of n, = 8 is chosen. CON-S and
CON-M are small and medium-sized versions of the CON model, respectively. MECH-NODE is a NODE with prior
knowledge about the mechanical structure of the system (i.e., % = x). We report the mean and standard deviation
over three different random seeds. Furthermore, we state the number of parameters of each latent dynamics
model and the training steps per second on an Nvidia RTX 3090 GPU. Each batch contains 80 trajectories and
8080 images of resolution 32x32px in total. Finally, we report the inference time averaged over 5000 runs for
performing a rollout of 2.02 s (while encoding and decoding all images along the trajectory) on an Nvidia RTX
3090 GPU with a batch size of 1.
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Model RMSE | PSNR 1 SSIM ¢ # Params. |
RNN 0.2232+0.0075 19.05+0.29 0.8955+0.0083 696
GRU (Cho et al., 2014) 0.2148 +0.0196 19.38 +£0.76 0.9039 +0.0223 2040
coRNN (Rusch and Mishra, 2020) 0.2474+£0.0018 18.154+0.06 0.8877 £0.0011 336
NODE (Chen et al., 2018) 0.3373 £ 0.0565 15.46 +1.34 0.7432+£0.0935 4374
MECH-NODE 0.1900 +0.0024 20.45+0.11 0.9315+0.0011 4002
CON-S (our) 0.1792 +£0.0038 20.96+0.18 0.9392 +£0.0023 1386
CON-M (our) 0.1785+0.0023 20.99+0.11 0.9395+0.0018 8568
CFA-CON (our) 0.1803 +£0.0003 20.90 £0.01 0.9366 +0.0004 8568

Table B.6: Benchmarking of CON and CFA-CON at learning latent dynamics on the PCC-NS-3 (soft robot with
three constant curvature segments) dataset. For all models, a latent dimension of n, = 12 is chosen. CON-S
and CON-M are small and medium-sized versions of the CON model, respectively. MECH-NODE is a NODE with
prior knowledge about the mechanical structure of the system (i.e., ?T)zc = x). We report the mean and standard
deviation over three different random seeds and the number of parameters of each latent dynamics model.

Model RMSE | PSNR 1 SSIM 1 # Params. |
RNN 0.3763+0.0374 3.82+0.12 0.4463+0.1358 20
GRU (Cho et al., 2014) 0.3232+0.0368 3.99+0.13 0.6798 +0.0949 52
15t-order coRNN (Rusch and Mishra, 2020)  0.0741 +0.0001 535+0.00 0.9724+0.0014 20
NODE (Chen et al., 2018) 0.0738 £0.0007 5.36+£0.01 0.9683 +0.0022 3064
CON (our) 0.1110+0.0160 5.03+0.12 0.9372+0.0109 24
CFA-CON (our) 0.1068 +0.0059 5.05+0.05 0.9418 +£0.0026 24

Table B.7: Benchmarking of CON and CFA-CON at learning latent dynamics on the R-D (reaction-diffusion)
dataset. For all models, a latent dimension of n, = 4 is chosen. As this dataset does not consider inputs, we
remove all parameters in the RNN, GRU, coRNN, CON, and CFA-CON models related to the input mapping. Also,
as the reaction-diffusion system is governed by 1%-order PDE dynamics, we use specialized, 1%-order version
of the CON, CFA-CON, and coRNN dynamics. We report the mean and standard deviation over three different
random seeds and the number of parameters of each latent dynamics model.
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Figure B.1: Evaluation of prediction performance of the various models vs. the dimension of their latent
representation n, and the number of trainable parameters of the dynamics model, respectively. We optimize the
hyperparameters for the case of n, = 8, and execute the tuning separately for each model and dataset.
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Figure B.2: Plot of number of trainable parameters vs. the latent dimension n, of various models trained on
the PCC-NS-2 dataset. As we have configured them, CON-M and CFA-CON always have the same number of
parameters (i.e., overlaying lines).
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(a) t=0.0s (b) t=0.55s (c) t=1.10s (d) t=1.65s (e) t=2.20s (f) t=2.75s

Figure B.3: Prediction sequence of a CON model with latent dimension n, = 4 trained on the single pendulum
with friction (S-P+F) dataset (Botev et al., 2021). Top row: Ground-truth evolution of the system. Bottom row:
Predictions of the CON model.

The prediction model is given three images centered around ¢ = 0 for encoding the initial latent z(0) and estimation
of the initial latent velocity 2(0). Subsequently, we roll out the autonomous network dynamics (i.e., unforced)
and compare the decoded predictions with the ground-truth evolution of the system.

(a) t=0.00s (b) t=0.04s (c) t=0.08s (d) t=0.12s (e) t=0.16s (f) t=0.20s
Figure B.4: Prediction sequence of a forced CON model with latent dimension n, = 12 trained on the soft robotic
CS dataset containing trajectories of a simulated constant strain robot with one segment. Top row: Ground-truth
evolution of the system. Bottom row: Predictions of the CON-M model.

The prediction model is given three images centered around ¢ = 0 for encoding the initial latent z(0) and estimation

of the initial latent velocity z(0). Subsequently, we roll out the autonomous network dynamics (i.e., unforced)
and compare the decoded predictions with the ground-truth evolution of the system.
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(a) t=0.0s (b) t=0.3s (c) t=0.6s (d) t=0.9s (e) t=1.2s

Figure B.5: Prediction sequence of an unforced CON model with latent dimension n, = 8 trained on the PCC-NS-2
dataset. Top row: Ground-truth evolution of the system. Bottom row: Predictions of the CON-M model.

The prediction model is given three images centered around ¢ = 0 for encoding the initial latent z(0) and estimation
of the initial latent velocity z(0). Subsequently, we roll out the autonomous network dynamics (i.e., unforced)
and compare the decoded predictions with the ground-truth evolution of the system.
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(a) t=0.0s (b) t=0.3s (c) t=0.6s (d) t=0.9s (e) t=1.2s

Figure B.6: Prediction sequence of a forced CON model with latent dimension n, = 8 trained on the PCC-NS-2
dataset. Top row: Ground-truth evolution of the system. Bottom row: Predictions of the CON-M model.

The prediction model is given three images centered around ¢ = 0 for encoding the initial latent z(0) and estimation
of the initial latent velocity z(0). Subsequently, we provide the same constant input u to both the simulator and
the network dynamics (i.e., unforced) and compare the decoded predictions with the ground-truth evolution of
the system.
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B.3 APPENDIX ON LATENT SPACE CONTROL
Below, we present supplementary results for the model-based, latent-space control on the
two-segment PCC soft robot (PCC-NS-2).
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Figure B.7: Latent-space control of a continuum soft robot (simulated using two PCC segments) following a
sequence of setpoints with a pure P-satI-D feedback controller operating in a 2D latent space learned with the
MECH-NODE model. The CON model weights are initialized using a random seed of 0. The dotted and solid
lines show the reference and actual values, respectively. For each setpoint, we randomly sample a desired shape

q% and render the corresponding image o¢. This image is then encoded to a target latent z9. The controller

then computes a latent-space torque F4, which is decoded to an input u. Finally, we provide this input to the
simulator, which performs a roll-out of the closed-loop dynamics. Important: The robot’s configuration (i.e., the
first-principle, minimal-order state) is solely used for generating a target image and simulating the closed-loop

system.
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Figure B.8: Latent-space control of a continuum soft robot (simulated using two PCC segments) following a
sequence of setpoints with a pure P-satI-D feedback controller operating in a 2D latent space learned with the
CON model. The CON model weights are initialized using a random seed of 0. The dotted and solid lines show the
reference and actual values, respectively. For each setpoint, we randomly sample a desired shape ¢ and render
the corresponding image 09. This image is then encoded to a target latent z9. The controller then computes a
latent-space torque F9, which is decoded to an input u. Finally, we provide this input to the simulator, which
performs a roll-out of the closed-loop dynamics. Important: The robot’s configuration (i.e., the first-principle,
minimal-order state) is solely used for generating a target image and simulating the closed-loop system.
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Figure B.9: Latent-space control of a continuum soft robot (simulated using two PCC segments) following a
sequence of setpoints with a pure P-satI-D+FF feedback & feedforward controller operating in a 2D latent space
learned with the CON model. The CON model weights are initialized using a random seed of 0. The dotted and
solid lines show the reference and actual values, respectively. For each setpoint, we randomly sample a desired
shape g% and render the corresponding image 0. This image is then encoded to a target latent z%. The controller
then computes a latent-space torque F4, which is decoded to an input u. Finally, we provide this input to the
simulator, which performs a roll-out of the closed-loop dynamics. Important: The robot’s configuration (i.e., the
first-principle, minimal-order state) is solely used for generating a target image and simulating the closed-loop
system.
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SOFTWARE LIBRARIES & LAB
INFRASTRUCTURE

In this appendix, we present multiple software libraries and packages that were developed as
part of the Ph.D and are all openly hosted within the tud-phi organization on GitHub .
Furthermore, we report on essential components of the lab infrastructure that the Ph.D. can-
didate significantly contributed to. Although these contributions are technical rather than
scientific, their development required considerable effort and was crucial to achieving the
scientific results presented in this thesis. We believe that sharing these technical resources will
be valuable for the community and help advance research in this domain. For instance, we
anticipate that the ROS2 package for Optitrack MCS, along with the Festo pressure regulator
documentation—including its pneumatic circuitry schematic and ROS2 drivers—will be valu-
able for soft robotics practitioners setting up their own experimental systems. Additionally,
our JAX implementation of soft robotic dynamic models marks a step toward modernizing the
algorithmic software stack, enabling researchers to leverage techniques such as automatic dif-
ferentiation, Just-In-Time (JIT)-compilation, and Graphics Processing Unit (GPU) deployment,
which are essential for integrating these models into ML approaches. Finally, our fully-fledged
HSA software ecosystem will enable the community to rapidly bootstrap their HSA robot
control research and inspire the creation of similar ROS2 packages for other soft robots.

Thttps://github.com/tud-phi
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His appendix is organized as follows: First, we detail the setup of our motion capture
T system used to acquire ground-truth data on the shape evolution of soft robots. Next,
we describe the configuration and interfacing with a Festo pressure regulator that actuates
pneumatic soft robots. Third, we document the fabrication process for a multi-segment
pneumatic soft arm made of silicon. Fourth, we introduce the JSRM package, which
implements control-oriented soft robot models in JAX. Finally, we provide an overview of
the ROS2 ecosystem developed for the control and operation of HSA robots.

C.1 MoTiON CAPTURE SYSTEM

Our soft robot experiments demand precise state information. For example, tasks like
closed-loop control (as demonstrated in Chapter 6) and the quantitative evaluation of
proprioceptive shape sensing approaches (as outlined in Chapters 4 and 9) rely on accurate
soft robot backbone shape information. In line with common practice in both research and
industry, we use an Optitrack MCS system equipped with eight Infrared (IR)-illuminated
cameras (Optitrack Prime X13). To ensure that our trials are reproducible while minimizing
setup effort, we built a cubical cage with a 750 mm side length using standard aluminum
T-beams. The cameras are flexibly mounted to the beams with clamps, which keep their
relative positions fixed and eliminate the need for frequent, time-consuming recalibrations
whenever a camera’s pose might change.

To enable closed-loop control using the MCS measurements, we implemented a ROS2
package built on the NatNet SDK. This package, available on GitHub?, streams the poses of
tracked rigid bodies from a Windows workstation running the Optitrack Motive software
and publishes them as ROS messages. Subsequently, the package transforms the poses
from the MoCap world frame to a soft robot base coordinate system, with the origin at the
robot’s base and the z-axis aligned with the backbone direction.

2https://github.com/tud-phi/ros2-mocap_optitrack
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Figure C.1: Experimental Setup with a Pneumatic Soft Robot Segment: A soft robotic segment is attached to the
top of a cage equipped with motion capture cameras. Pneumatic actuation is achieved using a pressure regulator
(Festo VTEM Motion Terminal), while a workstation manages communication via Ethernet with both the motion
capture system and the pressure regulator.

C.2 PNEUMATIC PRESSURE REGULATOR

In this thesis, we consider at various times (e.g., Chapters 4, 2, 9) pneumatically-actuated
robots. Two primary methods exist for implementing such actuation. The first involves
fluidic drive cylinders, where the robot’s air chambers are connected to an array of cylin-
ders (Marchese et al., 2014; Taheri et al., 2014). In this setup, moving the pistons adjusts
the volume of the closed system, causing the pressure to change inversely according to the
ideal gas law (Stolzle and Della Santina, 2021) (see Chapter 8). Alternatively, pneumatic
valves can be used to manage airflow: they control the entry of air from a high-pressure
source into the chamber and facilitate pressure release by allowing air to escape to the
atmosphere (Falkenhahn et al., 2016).

We opted for the valve-based approach and selected Festo’s Motion Terminal VTEM?,
which can regulate airflow into 16 independent chambers. Although pressure regulation is
our primary focus, the VTEM also supports flow control and additional tasks. To connect
the motion terminal with the air supply unit, we developed a sophisticated pneumatic
circuitry (see Fig. C.2). Pressure set-points are transmitted via Modbus / Transmission
Control Protocol (TCP) over a Local Area Network (LAN), and the regulator’s built-in
low-level PID controller adjusts the valve positions to achieve these targets. Simultaneously,
current pressure readings from the valves are made available for purposes such as system
identification. For this communication, we developed drivers in both C++ and MATLAB
based on the VTEM protocol?, which are distributed together with a ROS2 package on
GitHub’. These tools allow users to both publish pressure commands and subscribe to the

Shttps://www.festo.com/de/en/p/motion-terminal-id_VTEM/

‘https://www.festo.com/net/SupportPortal/Files/684271/VITEM_PLC_
QuickReference_V1-4.pdf

Shttps://github.com/tud-phi/ros2-vtem_control
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Figure C.2: Pneumatic Circuitry: The air supply unit reduces the input pressure to approximately 3-4 bars, which
is then fed into the VTEM pressure regulator through two ports. In parallel, a higher-pressure pilot air (around
7-8 bars) is provided by the same unit to actuate the VTEM’s valves. This configuration enables independent
pressure control across 16 chambers. Moreover, a workstation can interface with the system via Modbus/TCP,
allowing it to monitor the current valve pressures and update the pressure set points for the regulator’s low-level
PID controller.

C.3 PNEUMATIC SOFT ROBOT ARM

To kick off Phl-Lab’s experimental soft robotics research, we adopted a pneumatic soft
robotic arm made up of a chain of identical segments. Each segment contains three to four
inflatable cavities, evenly distributed along the radial direction from its centerline (Marchese
et al., 2015). By controlling the air pressure within these cavities, the segment can extend
and bend in three-dimensional Cartesian space.

The fabrication process of the silicone body is quite intricate. It begins by casting wax
negatives for the air chambers—beeswax is poured into a silicon mold to form the initial
shape. Once hardened, these wax inserts are placed into a 3D-printed mold designed for
the segment. After mixing and degassing the silicone in a vacuum chamber, it is slowly
poured into the mold. Following curing, the segment is removed and then heated in an
oven to melt away the wax, thereby leaving behind the inflatable chambers (Marchese
et al., 2015). Although the CAD design was already available, we had to source materials
from Dutch suppliers, develop a detailed manufacturing procedure, and learn the practical
dos and don’ts of producing these pneumatic soft segments.
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Figure C.1 illustrates our laboratory setup for controlling this pneumatic soft robot, as
utilized in Chapters 4 and 9.

C.4 AN IMPLEMENTATION OF SOFT ROBOT MODELS IN JAX

In recent years, several open-source soft robot simulators have emerged—such as SOFA (Co-
evoet et al., 2017), SimSOFT (Grazioso et al., 2019), ChainQueen (Hu et al., 2019), TMT-
Dyn (Sadati et al., 2021), Elastica (Naughton et al., 2021), SoRoSim (Mathew et al., 2022),
and Sorotoki (Caasenbrood et al., 2024)—yet control-oriented dynamic models (i.e., low-
dimensional, control-affine Euler-Lagrange formulations) based on kinematic models like
the PCC (Webster III and Jones, 2010), PCS (Renda et al., 2018), and GVS (Boyer et al., 2020;
Renda et al., 2020) remain seldom available. Moreover, since most of these models are im-
plemented in MATLAB, integrating them into ML applications is challenging and prevents
the straightforward application of modern techniques offered by Python frameworks (e.g.,
PyTorch (Paszke et al., 2019), JAX (Bradbury et al., 2018)), such as automatic differentiation,
JIT-compilation, and GPU/Tensor Processing Unit (TPU) inference. Consequently, we
recognized the need for an open-source implementation of widely adopted dynamic soft
robot models within a modern, high-performance Python framework.

We chose to implement the soft robotic models in JAX (Bradbury et al., 2018) for several
key reasons. First, JAX provides JIT compilation for fast execution after an initial build
phase while allowing for rapid Pythonic development instead of more cumbersome and
time-consuming C++ coding. Second, it offers first-class vectorization support, which is
invaluable for tasks encountered in this thesis—such as evaluating forward kinematics
across many points along the backbone. Third, unlike many ML frameworks that focus on
differentiating only the trainable parameters of neural networks, JAX makes it very easy to
perform auto differentiation with respect to any function input. This capability enables us to
differentiate through the forward kinematic model for iterative inverse kinematics (i.e., the
Jacobian inverse method) as shown in Section 5.3 or to implement a latent dynamic model
within an approach where we jointly optimize both dynamic and autoencoder parameters
via gradient descent, as demonstrated in Chapter 11. Finally, JAX allows us to deploy
and parallelize dynamic model rollouts on GPUs and TPUs without any code changes—a
significant advantage over existing soft robotic simulators like Elastica (Naughton et al.,
2021) or SoRoSim (Mathew et al., 2022), which are limited to CPU execution, unlike modern
rigid robotics simulators such as Mujoco’s MJX (Todorov et al., 2012) or Nvidia Isaac
Sim (Makoviychuk et al., 2021) that support parallel GPU-based simulations.

Below, we provide further details on the implementation. We chose to separate the
model derivation and implement it in Sympy (Meurer et al., 2017) for three main reasons:
(a) a symbolic derivation of the kinematics and dynamics allows us to inspect and correct
the individual terms as needed; (b) several steps in the derivation require integrating
terms along the robot or segment length (Della Santina et al., 2023; Renda et al., 2018),
and symbolic integration offers a closed-form expression instead of the inherent tradeoff
between integration accuracy and computational complexity that numerical integration
at runtime exhibits; (c) the simplify functions available in most symbolic computing li-
braries often reduce the computational load significantly compared to a naive algorithmic
implementation.

Accordingly, we derive symbolically the forward kinematics 7(gq, ), the Jacobian J(g, s),
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the inertia matrix B(q), the Coriolis matrix C(q, q), the gravitational forces G(q), the
kinetic energy 7 (g, q), the potential energy U'(q), and several other terms as outlined
in the literature (Della Santina et al., 2023; Sto6lzle et al., 2024b). We then store these
symbolic expressions in binary format (i.e., we pickle them) using the dil1l package.
Next, we lambdify the expressions into a JAX function that accepts inputs such as the
robot parameters (e.g., geometric and material characteristics), the robot state, and, for
the forward dynamics, the control input. Crucially, this approach enables automatic
differentiation of the kinematics and dynamics with respect to the robot’s state (g, ¢), the
control input 7, and various model parameters, including the robot length L, backbone
radius R, and the material’s elastic modulus, among others.

In case the model should be used as a simulator, we can formulate an ODE of the
dynamics, as referenced in Chapter 2, and integrate numerically in time with an established
ODE solver. In JAX (Bradbury et al., 2018), a suitable choice for this task is the Diffrax
library (Kidger, 2021), which implements several popular solvers such as forward Euler,
Tsitouras’ 5/4 method (Tsitouras, 2011), or Dormand-Prince’s 5/4 method (Dormand and
Prince, 1980).

Currently, our package supports (elastic) N-link pendula, planar soft robots based on
the PCS kinematic model, and planar HSA robots. It is available as open-source on GitHub®.
In the future, we intend to add additional soft robotic models to the package, including 3D
PCS (Renda et al., 2018), PAC (Stella et al., 2023c), and GVS (Boyer et al., 2020). Furthermore,
we have discovered that the current implementation strategy does not scale well with the
number of soft robot segments. In particular, the time required for symbolically integrating
the kinematics and dynamic terms along the segment, simplifying these expressions with
Sympy (Meurer et al., 2017), and JIT-compiling the (unsimplified) symbolic expressions
in JAX (Bradbury et al., 2018) increases exponentially with each additional segment. As a
result, it is currently only feasible to simulate soft robots with up to three PCS segments.
To address this issue, we plan to eliminate the symbolic derivation steps and perform
all necessary computations directly in JAX, including numerical integration along the
backbone to compute the mass matrix, among other quantities.

This package has been integral to multiple chapters of this thesis. In Chapter 3, for
instance, we derive the soft robotic safety metric—the Soft Robot Injury Severity Criterion
(SRISC)—using the PCS model from the package to compute the necessary Jacobians,
Cartesian inertias, stiffnesses, and more. In Chapter 5, we validate the package’ planar
HSA model against experimental data. Chapter 6 leverages the implemented forward and
inverse kinematics, along with dynamic terms (e.g., potential forces), within our proposed
HSA robot controllers. In Chapter 10, the proposed kinematic fusion algorithm is based
on both the inverse and forward kinematics of the planar PCS model. Additionally, we
derive the dynamic basis functions using symbolic expressions from Sympy and verify the
learned dynamics against the simulated model. Finally, in Chapter 11, we utilize the planar
PCS model to generate the soft robot datasets.

Shttps://github.com/tud-phi/jax-soft-robot-modeling
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C.5 ROS2 EcosysTEM FOR HSA RoBoTs

To facilitate the experimental validation of the HSA robot models, controllers, and BMIs
introduced in Chapters 5, 6, and 7, we established a comprehensive ROS2 ecosystem. This
open-source framework, available on GitHub’, comprises the following packages and
nodes:

« Dynamixel Control Package. Based on the Dynamixel SDK, this package im-
plements a ROS2 service that sends commands to and receives encodings from the
four Dynamixel MX-28 motors of the HSA robot. It offers two modes of operation:
individual read & write for single motors and synchronized read & write for all four.

« HSA Actuation Package. This package features a ROS2 node that publishes the
current motor angles at a frequency of 100 Hz and provides a subscriber for sending
motor angle setpoints via the Dynamixel control service. Key steps include converting
discrete motor positions into continuous angles and mapping planar control inputs
(i.e., two positive angles ¢) into four motor angles and vice-versa while accounting
for the handedness of the HSA rods.

« HSA Inverse Kinematics Package. Subscribing to the 200 Hz pose messages of the
HSA published by the ROS2 Optitrack package (see Section C.1), this node applies the
CS inverse kinematics for the planar case as detailed in Chapter 5 and then publishes
the resulting configuration of the planar HSA robot.

« HSA Velocity Estimation Package. This ROS2 node subscribes to both the MCS
pose measurements and the configuration values from the inverse kinematics node,
estimating the time derivatives of the pose and configuration at a rate of 200 Hz. For
this purpose, we use Scipy’s (Virtanen et al., 2020) implementation of the Savitzky-
Golay filter (Savitzky and Golay, 1964) with a window length of 20 and a third-order
polynomial.

« HSA Simulation Package. We wrapped the planar HSA model from Chapter 5
together with the JAX Soft Robot Modeling package in a ROS2 node, creating a digital
twin for the physical robot. This node subscribes to control inputs (i.e., two HSA
rod twist angles in the planar case) and simulates the system at a control frequency
of 100 Hz with a simulation time step of 0.1 ms, leveraging the Dormand-Prince 5/4
method (Dormand and Prince, 1980; Shampine, 1986) for numerical integration.

« HSA Visualization Package. Implemented in OpenCV (Bradski, 2000), this package
provides a visualization of the kinematic state of planar HSA robots. A ROS2 wrapper
node publishes the rendered images at 20 Hz. Additionally, it can optionally display
the end-effector workspace, the attractor of the low-level impedance controller,
and the setpoint/goal of a control task. This visualization was used to verify both
open-loop and closed-loop behaviors in simulation, as illustrated in Fig. 7.5(b) and
Chapter 7.

"https://github.com/tud-phi/ros2-hsa


https://github.com/tud-phi/ros2-hsa

366 C SOFTWARE LIBRARIES ¢ LAB INFRASTRUCTURE

+ HSA Joy Operation. To support both keyboard- and BMI-based operation of
the HSA robot, we implemented a joy interface. This interface interprets sig-
nals (e.g., from keyboard arrows or a joystick, as defined in the ROS2 message
sensor_msg/msg/Joy) as values in the set {—1,0,1} along two axes—where
+1 corresponds to up/right, 0 indicates no input, and —1 corresponds to down/left.
These signals are then translated into an incremental movement of the setpoint by
0.1 mm in the planar Cartesian space, with the updated setpoint subsequently used
as an attractor by the operational space impedance controller (see Sec. 6.3).

« HSA Kinematic Control Package. Serving as a baseline, we implemented a shape
controller for HSA robots using a PID law operating on the configuration values.

« HSA Model-Based Control Package. The hsa_planar_control package®
comprises several nodes that support model-based control of planar HSA robots:

— Calibration Node. This node identifies the rest strains of the HSA robot based
on MCS measurements, configuration estimates, motor actuation angles, and
payload mass. Assuming steady-state conditions, it solves the static inversion
problem for the rest strain £° using linear least-squares, as further detailed in
Chapter 5.

- Model-Based Control Node. Subscribing to end-effector pose measurements,
configuration data, and their time derivatives, this node computes the control
input for planar HSA robots. It supports several controllers used in Chapter 6:
(1) a basic operational-space PID controller, (2) a configuration-space P-satl-
D+FF controller that compensates static forces at the desired configuration
via a steady-state actuation ¢** (see Section 6.2), (3) a configuration-space P-
satl-D+GC controller that cancels gravitational forces, (4) an operational-space
impedance controller (Khatib, 1987) as described in Sec 6.3, (5) an operational-
space PD+ controller (Della Santina et al., 2020c; Ott, 2008; Paden and Panja,
1988) that cancels both gravitational and elastic forces at the current state,
among other variations. All controllers run at frequencies between 40 Hz and
50 Hz. Notably, we utilize JAX’s JIT functionality to compile the controller at
the experiment’s outset, enabling these (relatively) high control rates.

- Static Planning Node. This node addresses the static inversion problem by
determining a steady-state actuation ¢** and a feasible orientation ¢ that keep
the end-effector at a desired position x9. After applying the closed-form CS-

based inverse kinematics, it also computes the corresponding configuration
d

q? for the end-effector pose y¢ = [Zd], which then serves as a setpoint for

the configuration-space controllers. As described in Sec. 6.2, we implemented
two strategies: (a) for FPU (Car, 2020b) material, we solve the static inver-
sion as a root-finding problem—balancing actuation with static forces (elastic
and gravitational)—using Scipy’s implementation of the Levenberg-Marquardt
algorithm (Levenberg, 1944; Marquardt, 1963), and (b) for EPU (Car, 2020a) ma-
terial, where the force balance problem is ill-conditioned, we employ a method

8https://github.com/tud-phi/hsa-planar-control
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based on forward rollouts of the dynamics (similar to the shooting method
in numerical analysis and as proposed by Amehri (2022) for identifying soft
robot workspaces). In this approach, the planar HSA robot starts at its rest
configuration, the optimizer proposes an actuation ¢, and the dynamics are
forward-simulated until steady-state (i.e., until ¢ is below a threshold). The
steady-state configuration ¢* is then used to evaluate the forward kinemat-
ics to obtain the end-effector pose y*, with the cost function defined as the
squared residual between the desired position x? and the achieved position
x%%. This nonlinear least-squares problem is solved using Scipy’s (Virtanen
etal., 2020) Levenberg-Marquardt algorithm (Levenberg, 1944; Marquardt, 1963).
Importantly, we JIT-compile the dynamics to expedite the rollouts.
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ABBREVIATIONS

AC Affine Curvature.

ADL Activities of Daily Living.
Al Artificial Intelligence.

AOS Asymptotic Orbital Stability.
AOT Ahead-Of-Time.

BA Bundle Adjustment.
BCI Brain-Computer Interface.

BMI Brain-Machine Interface.

CAD Computer-aided Design.

CBF Control Barrier Function.

CC Constant Curvature.

CFA-CON Closed-Form Approximation of CON.
CFA-UDCON Closed-Form Approximation of Underdamped CON.
CLF Control Lyapunov Function.

CNN Convolutional Neural Network.

cobot collaborative robot.

COM Center of Mass.

CON Coupled Oscillator Network.

coRNN Coupled Oscillatory Recurrent Neural Network.
CS Constant Strain.

CV Computer Vision.

DCM Discretized Cosserat Rod Model.

DMP Dynamic Motion Primitive.
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DNN Deep Neural Network.
DOF Degrees of Freedom.
DP Diffusion Policy.

DTW Dynamic Time Warping.

EEG Electroencephalography.
EOM Equation of Motion.

EOS Exponential Orbital Stability.

ERD Event-Related Desynchronization.

ERS Event-Related Synchronization.
FEM Finite Element Method.

GAN Generative Adversarial Network.
GAS Global Asymptotic Stability.
GBN Generalized Binary Noise.

GP Gaussian Process.

GPU Graphics Processing Unit.

GRU Gated Recurrent Unit.

GVS Geometric Variable Strain.

HIC Head Injury Criterion.

HMI Human Machine Interface.
HNN Hamiltonian Neural Network.
HRI Human Robot Interface.

HSA Handed Shearing Auxetic.

ICP Iterative Closest Point.
ILC Iterative Learning Control.
IMU Inertial Measurement Unit.

IR Infrared.
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ISO International Organization for Standardization.

ISS Input-to-State Stability.
JIT Just-In-Time.

LAN Local Area Network.

LAS Local Asymptotic Stability.
LDA Linear Discriminant Analysis.
LFD Learning from Demonstration.
LNN Lagrangian Neural Network.
LQR Linear-Quadratic Regulator.

LSTM Long Short-Term Memory.

MAE Mean Absolute Error.

MBRL Model-Based Reinforcement Learning.
MCS Motion Capture System.

MED Mean Euclidean Distance.

ML Machine Learning.

MLP Multilayer Perceptron.

MPC Model Predictive Control.

MRS Magnetoresistive Sensor.

MS Multistability.

MSE Mean Squared Error.

NN Neural Network.

NODE Neural ODE.

ODE Ordinary Differential Equation.
OS Orbital Stability.
OSMP Orbitally Stable Motion Policy.

PAC Piecewise Affine Curvature.
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PCB Printed Circuit Board.

PCC Piecewise Constant Curvature.
PCS Piecewise Constant Strain.

PDE Partial Differential Equation.

POD Proper Orthogonal Decomposition.

PSNR Peak Signal-to-Noise Ratio.

RFFN Random Fourier Features Networks.
RL Reinforcement Learning.

RMSE Root Mean Squared Error.

RNN Recurrent Neural Network.

RQ Research Question.

SGD Stochastic Gradient Descent.

SINDy Sparse Identification of Nonlinear Dynamics.
SLAM Simultaneous Localization and Mapping.
SMA Shape-Memory Alloy.

SMP Stable Motion Primitive.

SOTA State of the Art.

SPCS Selective Piecewise Constant Strain.

SPDT Stable Periodic Diagrammatic Teaching.

SRDHC Soft Robot Design Hazardousness Criterion.

SRISC Soft Robot Injury Severity Criterion.
SSIM Structural Similarity Index Measure.

SWA Stochastic Weight Averaging.

TCP Transmission Control Protocol.
TOF Time of Flight.
TPU Tensor Processing Unit.

TRL Technology Readiness Level.
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TT Trajectory Tracking.

VAE Variational Autoencoder.

VLA Vision-Language-Action.

VLM Vision-Language Model.

vSLAM visual SLAM.
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Propositions
accompanying the dissertation

SAFE YET PRECISE SOFT ROBOTS
INCORPORATING PHYSICS INTO LEARNED MODELS FOR CONTROL

by
Maximilian STOLZLE

1. Integrating physical priors into learned dynamical models enables computa-
tionally efficient, provably stable control while also enhancing model expres-
siveness through data-driven learning. [Core Contribution]

2. Akey limitation in the soft robotic literature is that the tradeoff between perfor-
mance and safety remains insufficiently quantified and exploited. [Chapter 3]

3. Substantial progress in soft robot proprioception can be achieved by optimiz-
ing the hardware and software integration of established commercial sensing
modalities—such as cameras or IMUs—instead of relying on novel, yet unproven,
technologies. [Chapter 4]

4. We need to strive for compliance in both body and brain when operating robots
close to humans. [Chapter 7]

5. A primary barrier to advancing soft robotics research is the absence of inte-
grated benchmarks and baselines.

6. Simply increasing the quantity and diversity of data is not enough to develop ef-
fective, robust robot models and motion policies unless we also integrate phys-
ical structure and stability guarantees.

7. Although motion policies jointly learned across different robots can improve
generalization, specialized policies for each robot are essential to fully exploit
its characteristics and maximize performance on highly dynamic tasks.

8. Universities expanding non-managerial career paths solely dedicated to research
would enhance research quality and its societal impact.

9. Restructuring large tech companies as worker cooperatives would promote bal-
anced decision-making, enhance inclusivity, and reduce societal division.

10. Unless international treaties that establish guidelines and guardrails for deploy-
ing robots and Al are implemented within this decade, the societal drawbacks
of robotics are likely to outweigh its benefits.

These propositions are regarded as opposable and defendable and have been
approved as such by the promotor Prof. Dr. R. Babuska and the copromotor Dr. C.
Della Santina.
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