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From industrial exoskeletons to implantable medical devices, robots that interact
closely with people are poised to improve every aspect of our lives. Yet designing these

systems is very challenging; humans are incredibly complex and, in many cases, we
respond to robotic devices in ways that cannot be modelled or predicted with sufficient
accuracy. A new approach, human-in-the-loop optimization, can overcome these
challenges by systematically and empirically identifying the device characteristics
that resultin the best objective performance for a specific user and application. This
approach has enabled substantial improvements in human-robot performance in
research settings and has the potential to speed development and enhance products.
Inthis Perspective, we describe methods for applying human-in-the-loop optimization
tonew human-robotinteraction problems, addressing each key decisionina variety
of contexts. We also identify opportunities to develop new optimization techniques
and answer underlying scientific questions. We anticipate that our readers will advance
human-in-the-loop optimization and use it to design robotic devices that truly enhance
the human experience.

The next phase of human technological development is expected to
hinge on robotic systems that operate alongside people and interact
withusincomplex ways. These systems promise to profoundly improve
many aspects of our lives, from mobility and health to productivity
and leisure'. To achieve these benefits, however, the robotic devices
of the future will need to be far more effective at helping humans?*,

A critical challenge in delivering effective assistance to humans is
our immense biological complexity. The human neuromuscular sys-
teminvolves dynamicinteractions between thousands of motor units
and trillions of synapses’. Humans exhibit individual diversity in our
physiology, motor control and decision-making. We also change over
time as welearn, heal and grow. Systems with this level of complexity are
intrinsically difficult to understand, model and predict®. Learned mod-
els can captureimportant features of complex systems and individual
users”, but require more training data than are available at present.
The robotic devices we develop must assist a human system that we
do not fully comprehend.

Human-in-the-loop optimization can overcome these challenges to
deliver effective assistance. In this process (Fig.1), auser interacts with
arobotic device while actual performance is measured. An algorithm
systematically changes device characteristics and measures the result-
ing changes in human-robot performance, adjusting the device until
the characteristics that maximize performance are identified. This

approach does not require an explicit model because the performance
evaluations that guide the algorithm are made on the actual human-
robot system. The optimizer continually tracks theindividual user and
co-adapts as they learn and change over time.

Insome ways, human-in-the-loop optimization resembles a systema-
tized and accelerated version of the traditional process for design-
ing and tuning robots that interact closely with humans. Algorithms
replace oraugment low-level tinkering and intuition, more efficiently
searching the space of potential designs and settings. Versatile hard-
ware and software replace specialized systems, reducing the design
cycle time from months or years to minutes or seconds. In these
ways, human-in-the-loop optimization adds to existing design tools
to decrease development time and risk.

Computer models of humans cannot yet replace experiments with
humans in this process. Musculoskeletal simulations can operate
quickly, easily and at low cost compared to experiments with humans.
Unfortunately, these models are at present not accurate enough to
predict human response to dynamic interactions with most robotic
devices®’. The main limitation is in simulating the nervous system,
which is important to human behaviour but exceedingly difficult to
model, even superficially. Simulated ‘digital twins’ may one day revo-
lutionize device design, but empirical approaches are more effective
at present.
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Fig.1|Designing systems of human-in-the-loop optimization. During
optimization, measurements of human-robot performance are used to
iteratively improve characteristics of the robotic device, yielding better
human-robotinteractions. This Perspective is organized by the decisions
that will define anewimplementation of human-in-the-loop optimization,
including those related to applications, hardware, parameterization,
objectives, algorithms and workflows.

Machine learning could complement human-in-the-loop optimiza-
tion when sufficient human-robotinteraction databecome available.
With sufficiently large and diverse datasets, it may be possible tolearn
models that predict the best device foranindividual user based on their
personal characteristics and even make adjustments as they adapt over
time. At present, however, not enough training data are available. For-
tunately, human-in-the-loop optimization naturally generates diverse
datasets suitable for machine learning.

Human-in-the-loop optimization has led to marked improvements
in human-robot performance in research settings'®. The most com-
prehensive studies have been conducted on exoskeletons™ ™ and
exosuits®®thatimprove the energy cost of humanwalking. The intro-
duction of optimization in this domain led to fourfold improvements
inperformance for the same laboratory-based hardware and twofold
improvements in field benchmarks, across a range of conditions, in
real-world settings”. The benefits come from a combination of dis-
covery of generically effective device characteristics, individualizing
assistance, and co-adaptation with the user™. Similarly impressive
results have been demonstrated in many other human-robotinterac-
tion problems, such as: identifying exoskeleton characteristics that
maximize walking speed® and user preference?*?, minimize energy
cost during running®and squats®, minimize core muscle fatigue during
lifting®, minimize muscle activity during downhill walking® or bicep
flexion® and best track joint kinematics® and impedance?; identifying
prosthetic-leg characteristics that minimize metabolic cost?®** and
best track joint kinematics®’; optimizing shoe characteristics**; opti-
mizing energy harvester performance®; identifying energy-optimal
step frequencies®; optimizing kinematic synergies for upper-limb
prostheses®; and maximizing the realism of haptic rendering® and
visual acuity of retinal prostheses™.

Although human-in-the-loop optimization has primarily been used
in gait research so far, it has the potential to improve robotic devices
inamuch wider range of applications and settings (Fig. 2). The initial
application to lower-limb devices has been natural, given the small
number of behaviours tobe addressed and the high sensitivity to per-
formance, but does not signify a limitation. The method has already
beguntobeapplied effectively in upper-limb devices, medicalimplants
and audiovisual cueing, and has excellent potential for surgical robots,
cooperative warehouse robots, social robots and mobility systems.
Similarly, although human-in-the-loop optimization was developed
inacademicinstitutions, itis equally applicable to private-sector and
clinical settings. Designers could use it asatool for product specifica-
tion and customization, identifying effective designs faster and with
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lower cost and risk than traditional intuition-driven processes. Clini-
cians and retailers could use it to deliver more effective and consist-
ent experiences to patients and customers through prescription and
customization processes or with software that automatically adapts
as people use devices in everyday life.

Some aspects of human-in-the-loop optimization are well under-
stood and provide a powerful set of tools ready for deployment,
whereas many aspects have hardly been explored and present exciting
opportunities for research and development. In this Perspective, we
provide guidance on established approaches to addressing new popu-
lations and tasks, hardware choices, parameter selection, objective
definition, optimization algorithms, workflows and outcome evalua-
tion.In each case, we also identify potent topics for future research. We
emphasize examples from wearable and implantable robotic devices,
but we expect that analogous approaches will be effective in any case
withatight coupling between human and machine dynamics. We expect
thereader will find that human-in-the-loop optimization can help them
toinvent new classes of human-robot systems, advance the state of the
artintheir fields, improve the performance of productsin real-world
settings and deliver new benefits to patients and customers.

Potential applications

Human-in-the-loop optimization is likely to be effective whenever a
human and a robotic device dynamically interact, performance can
be quantified and device characteristics can be changed to affect
performance. It is of greatest use when human complexity prevents
approaches based on explicit models, for example, when the human
nervous system has a decisive influence, when multiple device charac-
teristics may beimportant and when performance standards are high.
It requires a measurable outcome, or optimization ‘objective’, with a
desired target, for example minimum oxygen consumption, maximum
task execution speed or minimum deviation of a physiological signal
fromatargetvalue. There must also be adevice with changeable char-
acteristics that affect performance, for example an exoskeleton witha
controllable pattern of torque, an electrical stimulator with adjustable
feedback parameters or animplanted device with settings that affect
drug-release dynamics. Many combinations of users, tasks and devices
meet these requirements.

We have only just scratched the surface of potential applications
of human-in-the-loop optimization. There is a pressing need to use
this technique to address mobility and manipulation among users
with physical impairments resulting from ageing, osteoarthritis,
neuropathy, stroke, limb amputation and cerebral palsy. Individu-
alization may prove to be more important in these populations owing
to their heterogeneity®. Another critical application area is physi-
cal unloading for workers with strenuous jobs, for whom robotic
devices promise to reduce the likelihood of both acute and chronic
injuries®**°. There are many opportunities to apply this techniquein,
for example, rehabilitation, biofeedback systems, shared-autonomy
vehicles, cooperative robots, teleoperation, surgical training sys-
tems, sensory aids, implantable devices, caregiver robots, educa-
tional robots, social robots and even athletic equipment or other
non-roboticdevices. There isimmense potential forimpact through
studying these methods in the contexts of product development,
prescription and everyday use.

Implementing human-in-the-loop optimization for a new problem
requires an understanding of the needs and limits of the user group,
intrinsic dynamics of the task and features likely to be useful in new
devices. At this stage of the process, intuition*, simple models** and
simulations**** can be valuable. For any new problem, some aspects
of previous human-in-the-loop optimization approaches will need to
beadjusted. For example, inapopulationin which fatigueisaconcern,
an optimization may be conducted over many shorter sessions. Such
changes are to be expected and not a contraindication.



Fig.2|Potential applications for human-in-the-loop optimization.
a-f,Mostsuitable applications have yet to be explored. Opportunities include:
advanced prostheticlimbs (a); implantable medical devices, suchasinsulin
pumps (b); exoskeletons for augmentation or rehabilitation (c); teleoperated

Hardware considerations

Human-in-the-loop optimization can be used to improve an assistive
robotic device during any stage of development (Table 1), including
designing new devices, improving existing devices, prescribing custom
devices and performing continual co-adaptation.

Designing new robotic devices

Early in the development of a new robotic device, versatile hardware
complements human-in-the-loop optimization. Systems that allow
explorationofalarge range of device characteristics increase the likeli-
hood of finding effective solutions. When tackling any new problem, the
optimal device characteristics are unknown and may be unintuitive®;
we must acknowledge that our first design concepts are unlikely to
benefit the user and we should expect to need to test many different
approaches. Versatile testbeds such as emulators, lab-based systems
designed to imitate many different portable devices** ™8, and recon-
figurable portable devices*'are ideal at this stage of device explora-
tion. Instrumenting these testbeds with low-cost, fieldable sensors can
enable data-driven approaches at future stages.

Emulation and human-in-the-loop optimization are poised to
become apowerful approach for commercial development of robotic
devices. Once effective device specifications are identified in emula-
tor experiments, they can be used to design portable devices with
predictable benefits>*2. To facilitate translation, researchers should
develop better ways of addressing outcomes that are at present dif*-
ficultto captureinanemulator. For example, the implied mass or cost
oftheemulated device could beincluded asaterminthe optimization
objective, leading to more viable product specifications. Other out-
comes, suchas patientadoption or ease of everyday use, could initially
be partially explored through emulation, with separate user-centred
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robotsinindustrial or medical settings (d); social robotsin educational or
caretaking settings (e); and systems that share autonomy with humans, such as
self-driving vehicles (f). Credit: SeventyFour Images/Alamy (a); Getty (b); Getty
(d); BSIP SA/Alamy (e); Sundry Photography/Alamy (f).

designactivities complementing this process®’. Emulation paired with
optimization does not yet address all aspects of productization but it
excels at one of the most challenging aspects: delivering the intended
functional benefit.

Improving existing devices

Human-in-the-loop optimization canimprove the performance of exist-
ing robotic devices without making any changes to hardware!#?32635455,
Largeimprovements are especially likely in cases in which the controller
was based on intuition or bioinspiration. If the optimal characteris-
tics are found to be at the limits of what is possible with the device,
this information can help guide improvements to future hardware

Table 1| Human-in-the-loop optimization can be used at any
stage of development

Stage of development Outcomes of human-in-the-loop optimization

Research and development Device specifications

Generically optimal controllers

Human-robot interaction data

Product development Revised device specifications

Generically optimal controllers

Human-robot interaction data

Device prescription or Personalized device specifications

customization

Controllers personalized in the clinic or
storefront

Human-robot interaction data

Device deployment Real-time personalized controllers

Human-robot interaction data
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versions. It is possible that many previous devices that ‘failed’ to
deliver their intended benefits could yet succeed through the use of
human-in-the-loop optimization® %,

Prescribing custom devices

Medical and consumer devices could be prescribed or customized
using human-in-the-loop optimization by first identifying ideal char-
acteristics using a versatile testbed and then assembling and program-
mingaspecialized device for the user. Thisapproach hasrecently been
trialled for prosthetic foot prescription® and may prove especially
effective in customizing devices for heterogeneous groups®. Although
a computer-controlled fitting system may be most efficient, it is not
required; manual adjustment of non-robotic hardware settings can
achieve the same result, if performed systematically using optimiza-
tion. For example, eyeglass lens prescriptions can be determined using a
phoropter, while rocker shoe parameters that produce desired running
mechanics can be identified using adjustable training shoes®"2. Per-
sonalizing low-cost hardware in this way could be a powerful approach
for solving design challenges in developing nations® 3,

Parameterization

Parameterizationis the process of defining the way in which the behav-
iour of a robotic device can be changed and the settings that specify
those changes. Parameters may define control set points, control gains,
virtual system dynamics or hardware settings to be adjusted manually.
Anideal parameter setis bothexpressive, enabling exploration of many
human-robotinteractions and increasing the likelihood of finding effec-
tive ones, and low dimensional, reducing the size of the optimization
problem and thereby the time required to identify the optimal values.
Sofar, human-in-the-loop optimization has addressed between two and
22 parameters. Indefining an architecture to optimize, designers draw
from many sources, including biology, simple models, computational
simulations, analogous systems and existing designs (Fig. 3).

Interesting problems in parameterization
Systematic methods of parameterization would represent a notable
breakthrough. Human-in-the-loop optimization is at present sys-
tematic in exploring a given parameterization, but if parameters are
not well chosen the optimizer is limited to ineffective solutions. One
potential approach is nested optimization, in which different param-
eterizations would be generated and assessed, slowly converging toa
parameterization that strikes a balance between expressiveness and
dimensionality appropriate to the application. Alternatively, past opti-
mization data could be analysed to uncover relationships between
parameters, combine parameters, eliminate redundant parameters
andintroduce new parameters, drawing on statistical methods widely
usedin machine learning. Automated parameterization could occur at
the beginning of the research process, with a large initial investment
leading to better understanding and long-term outcomes. Automated
control parameterization may also be possible during continuous use
of devicesintherealworld,inwhich alarge volume of datais available
and decision-making algorithms could systematically balance between
exploration and exploitation of parameterizations.
Parameterization affects the dynamics of human-robot interaction,
particularly in terms of stability and adaptation, and basic scientific
study of these relationships would be valuable for many domains.
For example, it would be useful to determine the relative difficulty
of learning how to use an assistive device under position, velocity or
torque control, or with time-based, spring-like, damper-like or mass-like
dynamics, or with various types and amounts of delay. Scientific experi-
ments comparing different control architectures would be valuable
and could be explicitly explored through an optimization framework.
Different types of control architecture should be explored to enable
roboticdevicesto generalize to differentinteraction tasks, especially
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under non-steady conditions. So far, human-in-the-loop optimization
has primarily been performed on controllers that set device torque as
afunction of time, but this is not an intrinsic feature of the method.
Other ways of relating states to actions, such as phase-based®* or
virtual-model control®, are also defined by parameters that could
be optimized and may allow a single controller to be effective across
many tasks and transitions. New optimization techniques could be
developed to address more general control types and could optimize
performance for alarge set of tasks simultaneously. Alternatively, tasks
canbe discretized and addressed separately’®***® and methods devel-
oped to smoothly interpolate between tasks and contexts.

Optimization objectives

The objective measure that is optimized should be the outcome of
actualimportance, measured as directly as possible, during the course
ofthe optimization. This could be ameasure of functional task perfor-
mance, a physiological signal, a subjective outcome, a device charac-
teristic with implications for product success, acombination of these,
orany other outcome of interest (Table 2). The objective measure must
beavailableto the optimizer quickly enough to allowit to choose new
parameter values to test, whether the evaluation requires seconds or
weeks.

Acommonmisstepistooptimize atermthatiseasily measured but
islater determined not to correlate well with the true objective. Poorly
defined objective functions often lead optimizers to exploit unex-
pected system dynamics to give undesirable solutions. For example,
droneracing controllers that directly optimize the high-level objective
oftime to complete acourse achieve better performance than control-
lers that use explicitintermediate representations, such as tracking a
trajectory®. Similarly, in assistive devices, positive mechanical power
may be correlated with user energy cost, but maximizing one does
not minimize the other'>*2, Optimizing a substitute for the outcome
of interest, without first validating that it is areliable surrogate meas-
ure, undermines the primary benefit of human-in-the-loop optimiza-
tion: addressing the full complexity of the real human-robot system.
Choosing a surrogate measure based on a priori models or intuition
reintroduces the types of error that human-in-the-loop optimization
aims to overcome.

In casesinwhich direct measurement of the objective is not possible,
avalidated, data-driven surrogate can be used. This scenario is likely
to arise when performing optimization outside a controlled setting, in
whichsome measurements become impractical.Insuch cases, alarge
set of data, including both candidate surrogates and ground-truth
measurements, canfirstbe collectedin the laboratory. The minimal set
of sensors needed for accurate estimation can then be determined’® "
and data-driven models suitable for real-world optimization devel-
oped®. For many optimization algorithms, the data-driven model need
not estimate the value of the outcome but instead only whether the
outcome was better in one condition or another, which may result in
greater accuracy”®. Capturing the relative differences between two
conditions can simplify the relationship a data-driven model must
learn to effectively distinguish which conditions are most beneficial.
For example, exoskeleton kinematic data can be used to estimate the
differencein metabolic cost between two assistance conditions more
accurately than using kinematic data to estimate the absolute metabolic
cost associated with each condition and then comparing them”. To
verify that the data-driven measure generalizes sufficiently, optimiza-
tionshould be performed using both the surrogate and ground-truth
measures, and the optimal ground-truth outcomes compared, before
deployment.

Open questions on optimization objectives
Many aspects of human-robot interaction are not yet well captured
by objective measurements, whereas others are difficult to measure
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online or outside the laboratory. For example, there is at present no
consensus measure of balance ability that could be used to optimize
wearable devices intended to reduce fall risk’”. Other potentially
useful objective measures that are difficult to directly measureinclude
jointloading, injury risk, fatigue and pain, each of which has complex,
individual-specific dynamics that can change over time. Fundamen-
tal scientific research is needed to develop new metrics, followed by
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torque during walking. d, Parameters that define interaction dynamics canbe
optimized, forexample task-dependent forces and torques applied to an object
during cooperative manipulation. e, Parameters that define trajectories canbe
optimized, forexample the motion of a caretaker robot arm during assisted
feeding.f, Parameters affecting shared autonomy can be optimized, for
example termsinthe modelusedto predict future user actionsinaself-driving
caror piece of construction equipment.

engineering to develop estimation approaches that rely on low-cost,
wearable sensors for real-world use.

Atopicripe for theoretical consideration is how long to spend on
each measurement. Minimizing the total optimization timeis desirable,
especially for patient populations in which exhaustion is a limiting
factor. Gathering more data per measurement requires more time
but may improve measurement accuracy and lead to more beneficial
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Table 2 | Examples of human-robot performance
optimization objectives

Physiological Clinical outcomes Work performance
measurements
Kinematics Clinical test scores Task completion time

Environmental forces Activity capacity Task accuracy

Musculotendon forces Mental acuity Production cost

Joint contact forces Daily step count Environmental impact

Muscle activity Balance confidence  Human task complexity

Metabolic rate Walking speed Injury risk

Neural activity Visual acuity Human cognitive load

Fatigue Range of motion Rated perceived effort

Eye gaze Muscle strength

Organ health

Social engagement

Blood pressure User emotional valence

Blood glucose level Pain Realism of haptic rendering

Cortisol levels Satisfaction Student learning rate

optimizationupdates. Onthe other hand, providing updates to the opti-
mizer more rapidly with less accurate measurements might improve
performance more quickly, especially early in the optimization pro-
cess. Finding the appropriate trade-off in the optimization rate is an
important research question.

The objectives of the human and the optimization process must
be sufficiently well aligned to obtain a beneficial solution. If the per-
son and the optimizer have goals that differ in particular ways, and if
they respond to each other on similar timescales, the optimizer can
converge to undesirable outcomes, oscillate or even diverge’. This
phenomenon has been observed in experiments with treadmills that
act to quickly enforce unusual relationships between walking speed
and step frequency, leading to strange, but consistent, human gait
choices”8, Further game theoretic analysis of human-in-the-loop
optimization could help us to avoid these conditions and possibly
improve outcomes”.

Abetter understanding of what users truly want from their robotic
devices would lead to better selection of optimization objectives
and more positive societal impact. In any human-robot interaction,
there are many different, possibly competing, objectives, the bal-
ance of which will change on the basis of internal and external fac-
tors. For example, when walking, a person may care about stability,
economy, speed, pain or aesthetics®*®, and the importance of each
of these terms will change when, for example, physically fatigued or
in arisky environment®. As another example, for exoskeleton users
with paraplegia, the outcomes of speed, energy cost and crutch load
can compete with each other®, Basic scientific study of the revealed
objectives of the nervous system®*® will help map out the terms of
interest for human-robot interaction. Comparisons of parameters
optimized for different objectives could reveal competing objectives
or shared solutions™.

Human-in-the-loop inverse optimization frameworks could be devel-
oped to infer the optimization criterion of the human user. Human
responses to different device characteristics could be used to identify
the importance that an individual places on each termin their own
optimization criterioninvarious contexts. Such approaches could draw
ontechniques developed for humanoid robots® and could potentially
automate the process of defining the optimization objective.

In some human-robot interactions, several objectives can be
addressed by simply asking users what they prefer. Preference-based
optimization can be effective when the user is consciously aware of
the effects of the device, as in lower-limb exoskeletons?***¢¥ and the
process canboth engage and empower users®. Thisapproach presents
several attractive opportunities for future research. People are far more
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consistent when comparing two recent conditions than when assign-
ing absolute scores®®. Algorithms that both take pairwise comparisons
and operate in large parameter spaces® could allow optimization of
awider range of devices or account for several objectives at once®.
Users must pay attention to the behaviour of the robotic device and
provide feedback, a potential drawback for systems designed to be
‘invisible’ to the user. Methods of seamlessly addressing preference
feedbackinreal-world settings would be valuable. In some cases, user
preference may not be consistent with other goals, such as long-term
health objectives or features of task performance, which might be
addressed by constraining the search space or incorporating further
termsinto the optimization objective. We expect that a preference for
usingaroboticdevice will prove agood indicator of eventual adoption.

Optimization algorithms

Analgorithm for human-in-the-loop optimization must operateinreal
time, be robust to noise, adapt to changes in the person and use data
efficiently (Fig. 4). By ‘real time’, we mean that the algorithm applies
parameters, measures outcomes and then decides which parameters to
test next, allas the device is being used. The algorithm must be robust
tonoise because the complex dynamics of the humanbody oftenlead
to high-frequency changes in physiological signals that do not reflect
important changes in the objective. Algorithms must be adaptive
because people continually change as they learn and grow, which can
lead to changes inthe relationship between parameter values and the
objective. They must be sample efficient because each objective evalu-
ationis expensive, in terms of humantime and other costs, compared
with simulation-based optimizations.

So far, four categories of algorithms have been used for human-in-
the-loop optimization: evolutionary algorithms, surrogate opti-
mization, gradient-based methods and reinforcement learning.
Human-in-the-loop optimization has most often used evolutionary
algorithms. Covariance matrix adaptation evolution strategy (CMA-ES)
is asample-based, local optimizer for continuous domains that has
been used frequently. CMA-ES is tolerant of both measurement noise
and human adaptation because it makes decisions primarily based
on the ranking of the most recently tested conditions. It is sample
efficient, scaling with the number of parameters as log(N) (ref. 91).
CMA-ES requires little algorithmic parameter tuning, uses little
computation and performs well on nonlinear and non-convex prob-
lems®%. CMA-ES should be initialized to cover a relatively large range
of parameters to avoid becoming trapped in local minima in complex
objective spaces. CMA-ES has been effective when applied to several
assistive devices>*”224 patient populations?®*% and performance
objectives>?22335¢ with up to 22 parameters'. Another evolution-
ary algorithm, particle swarm optimization, has also been used®* and
merits more investigation.

Surrogate optimization methods include variations of Bayesian
optimization, a global optimization approach that yields estimates
ofboth the optimal parameters and amodel of the objective space. With
properly tuned hyperparameters, it may be robust to noise and human
adaptation®. Itis sample efficient but has computational complexity
that scales as N°, which makes it challenging to apply to larger prob-
lems®® (approximately 20 or more parameters). Bayesian optimization
has been effective in several human-in-the-loop optimization experi-
ments'®? 2936879798 |t isunclear when CMA-ES or Bayesian optimization
will be better for anew human-in-the-loop optimization application®.

Gradient-based methods have been used to perform human-
in-the-loop optimization of a single parameter in two studies®**.
Gradient-based approaches are challenging to use for sample-based
optimization because measurement noise is amplified by the finite
differencing of samples used to approximate gradients. Estimating
the gradient over a larger interval can reduce the effects of measure-
ment noise but this may require more data thanis practical to collect.
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Fig.4|Challenges for human-in-the-loop optimization algorithms.

a, Thealgorithm must tolerate noisy measurements, because the human will
generally contribute substantial noise to measurements of the optimization
objective.b, The algorithm must tolerate time-varying adaptationsin the

Gradient-based approaches also scale poorly with the number of
parameters.

Reinforcementlearning, although not strictly an optimization algo-
rithm, uses a similar structure: developing a policy that determines
state-dependent actions to maximize areward function. Reinforcement
learning methods have been implemented in two studies optimizing
human-robotinteractions®*° but more research is needed to explore
the potential benefits of this state—action-reward formulation.

Optimizing the optimizer

There are many opportunities for domainexperts to apply and compare
existing algorithms, develop new algorithms and tuning approaches,
and build infrastructure to speed up these processes. Most optimi-
zation algorithms®? have not yet been tested on human-in-the-loop
optimization. Direct experimental comparisons of existing algorithms
could quantify trade-offs, in terms of sample efficiency, robustness
to human adaptation and incorporation of previous data to inform
initial optimization parameters, to improve algorithm selection for
new problems. It is likely that new algorithms designed specifically
for human-in-the-loop optimization will achieve better performance
than any existing algorithms, which have primarily been developed for
dissimilar domains. Methods for automated tuning of optimization
algorithm parameters, or optimizing the optimizer, could remove
another source of human bias and increase the likelihood of success.
To allow preliminary assessment and comparison of algorithms in
simulation, it would be valuable to have simple, high-level models of
the human nervous system, capturing features such as complexity,
hidden states, noise and adaptation.

Experiments and workflows

A human-in-the-loop optimization experiment usually includes an
acclimation phase, an optimization phase, stopping when convergence
criteria are met, and a separate evaluation of the optimal parameters
identified. The acclimation and optimization periods should allow
sufficient time for the human to adapt to the robotic device. There
are many trade-offs to consider and substantial pilot testing is usually
required to adjust the problem definition and workflow to ensure that
optimal parameters are reachable, the user is well adapted and the
optimizer converges.

In experiments evaluating the benefits of optimal human-robot
interactions, the optimal set of device parameters must be evaluated
separately to avoid positively biasing results. The parameters believed
to be optimal should be identified first and then tested in a separate
validation to determine their effects. Acommon misstep is to retro-
spectively select the best outcomes observed during optimization.
This will overstate the benefits, because measurements of human

Time Number of parameters

human system, because the optimal solution changes as the human adapts on
several timescales. ¢, The algorithm must be sample efficient, especially for
high-dimensional parameterizations, because human-robotinteraction time
islimited.

outcomes are noisy and selecting the best outcomes after noise has
taken effect can only operate inabeneficial direction. Inmathematical
terms, mean(max(randn(m, n))) > 0, whereas the true mean is zero.
This form of post hoc selection bias must be avoided.

The amount of time provided for human adaptation can have asub-
stantialimpact on the efficacy of the solution. When exposed to anew
robotic device, humans first respond quickly based on their existing
neural control and thenslowly adjust their control and, in some cases,
body structure (Fig.4b). Some human-robot interaction problems may
requirelittle tono time for adaptation, whereas others may take weeks
or months. For example, people exhibit distinct fast (seconds) and
slow (hours) responses to large changes in walking conditions”, with
indications of muscular remodelling over longer (days) exposures®.
The optimizer may need more time to converge following human adap-
tation, although the optimizer will have a ‘warm start’®’. The benefits
of robotic interaction can be expected to substantially improve with
exposure, with diminishing returns.

Iterative refinement of the problem definition and workflow are
typically needed to achieve a good balance between the duration,
robustness and efficacy of the optimization. For example, pilot tests
may suggest that some parameters are unnecessary, always converg-
ing to the same value, or that some portions of the parameter space
never contain optima. Adjusting the initialization, parameterization or
parameter constraints accordingly may speed convergence but could
also exclude optimal parameter values or diminish benefits for some
new participants. After refinement, the workflow can be translated
to new contexts relatively easily, for example from the laboratory to
real-world conditions. When devices are deployed at scale in the real
world, this refinement could be crowdsourced; information from exist-
ing users could benefit future users with over-the-cloud updates.

Thetime and effort required to develop and implement ahuman-in-
the-loop optimization protocol may seem a deterrent but will often
reduce the overalltime to achieve agiven level of human-robot perfor-
mance. For example, one study of a complex lower-limb exoskeleton
used about 15 two-hour pilot testing sessions to develop a protocol
that required three two-hour optimization sessions per subject'.
Although these times are daunting, the study also demonstrated the
largestimprovementin energy cost with an exoskeleton so far, whereas
previous attempts with similar devices had yielded no benefit*. Because
ofthe challenges in achieving effective human-robotinteraction, rapid
but unsystematic development approaches are likely to yield subop-
timal results or fail entirely, adding years to the overall development
effort. Fortunately, the timerequired for developing and implementing
human-in-the-loop optimization protocols also decreases with experi-
ence. For example, arecent exoskeleton study' used information from
earlier studies' to require minimal pilot testing and only one hour of
optimization per participant while achieving equivalent performance.
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Perspective

Designing better experiments and workflows

Convergence criteriarepresent asubstantial open problemin human-
in-the-loop optimization. So far, most optimizations are designed to
end after apreset duration, insome cases based on pilot testing. How-
ever, this approach does not address variability in human adaptation
times'® or in optimizer convergence times, which canbe inconsistent
inthe presence of noise®. The strict convergence criteria often usedin
computer simulations tend to require a large number of evaluations,
making them impractical in human experiments. Improved stopping
criteriawould be both meaningful, for example related to objectives or
parameters, and implementable in practice. These could save experi-
menter time, increase consistency in estimated benefits and improve
exploration-exploitation trade-offs'®in continuous optimization
problems.

Our field would benefit from basic scientific studies on the effects of
several environmental factors on adaptation to human-robot interac-
tion. For example, we do not yet know whether entertainment, distrac-
tion, boredom or perceived utility of the experimental task affect the
speed or quality of adaptation in laboratory or real-world settings'®.
It is not known whether multiday training sessions are more effective,
by allowing consolidation of motor skills into a more permanent rep-
resentation, or whether long gaps between training sessions affect the
retention of learned skills. Indicators of motor learning with robotic
devices can differ between real-world and laboratory conditions'*,
which could lead to differences in optimal training approaches. We also
do not know whether small changes in robotic device characteristics
between conditions or sessions, for example owing to achangein pros-
thesis control parameters or the realignment of a prosthetic socket,
impede transfer or facilitate more robust human motor programmes,
similar to the effects of ‘domain randomization’ techniques inmachine
learning.

There is a substantial need for theories of training people to use
robotic devices. Although much research has addressed the training
of robots'®'%¢, for example using demonstration, intervention and
evaluative feedback to augment reinforcement learning'?, little work
has considered the training or coaching of their human users. Most
human-robotinteractionstudies rely on unstructured exploration by
userswithincidentalinstruction from experimenters. Yet human adap-
tation can be the dominant factor in time to convergence®, differences
in training can affect adaptation time'®* and quality'®, and users can
sometimes require particular prompts to trigger adaptation'®. Funda-
mental motor controlstudies are needed toimprove our understanding
of the mechanisms driving adaptation and to allow us to reliably esti-
mate level of adaptation™®, for example, using signals from the limbs,
muscles or brain™2, New methods are needed to rapidly and reliably
trainusers, for example, using automated curriculum generation™,
skill inference', biofeedback targeting patterns learned from expert
users"®'” or even coaching that is optimized online in parallel with the
device. Training users more effectively may result in more consistent
responses during optimization, allowing for simpler, faster optimization
algorithms.

Another opportunity is continuous human-in-the-loop optimization
during everyday life. Methods for opportunistically testing param-
eters and measuring outcomes as people engage in various activities
throughout the day will allow robotic devices to continually co-adapt
with people. Longitudinal optimizationstudies, over weeks or months,
couldinvestigate the effects of device interactions on outcomes such
asmuscular strength, activity level, fitness and other long-term health
outcomes. Continuous device use would naturally provide more expo-
sure toinfrequent one-shot tasks, such as sit-to-stand transitions, which
would allow optimization without condensed, fatigue-inducing labora-
tory experiments. It may also be possible to leverage data from many
users simultaneously, parallelizing the process to speed the identifica-
tion of good generic interventions in domains with outcome measures
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thatrequire unusually lengthy evaluation, such as novice skill training
and rehabilitation.

The future of personalized human-robot interaction

Some form of human-robot interaction could provide benefits to
nearly anyonein their daily lives (Fig. 2). Robotic components provide
an excellent complement to human physiology; electric motors canbe
more controllable and efficient than muscles™®, sensors can be faster
and more accurate than human perception"?° and there are many
effective ways of interfacing humans with robots®. A critical challenge is
determining whatarobotic device should do to assist the person using
it. Although traditional development approaches can overcome this
challenge®'®2* human-in-the-loop optimization lets us overcome it
faster, more easily and at lower cost, helping unlock the potential of
existing technologies for assisting people.

Which human-robot technologies will first appear in our everyday
lives? The next notable leaps may come in wearable robotic devices
thatimprove mobility for clinical populations, enhance rehabilitation,
increase physical activity or boost productivity and safety inindustrial
settings; portable medical devices that provide continuous health
monitoring and personalized non-physical interventions, co-adapting
with users over long timescales in their daily lives; robots that share
autonomy in challenging tasks, such as remote surgery or piloting;
or cooperative robots that assist people in their homes as caregiv-
ers, provide personalized education, or facilitate social interaction
or development. No matter what problem we use robots to improve
next, human-in-the-loop optimization can make the human experi-
ence better.
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