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Manufacturing productivity demands positioning systems that achieve both high speed and micrometer-level
accuracy. Existing approaches rely on time-intensive manual tuning or optimize controller layers independently.
We extend prior work on data-driven controller tuning to demonstrate that jointly optimizing Model Predictive
Contouring Control (MPCC) planner parameters and low-level controller gains using constrained Bayesian op-
timization improves performance beyond sequential or isolated tuning strategies. The approach models system
performance metrics such as traversal time, tracking accuracy, and vibration levels over complete geometric
trajectories as joint Gaussian processes, enabling sample-efficient exploration of the combined parameter space
while respecting physical constraints. Numerical results show that joint optimization achieves 8-23% improve-
ment in traversal time and 2.5 - 5 X reduction in maximum contour errors compared to optimizing either layer
independently. Experimental validation on precision motion hardware demonstrates that MPCC parameter opti-
mization alone (with pre-tuned low-level gains) achieves 15% improved maximal tracking error at a 6% faster

traversal time. The framework is system-agnostic and requires no hardware modifications.

1. Introduction

High-performance positioning systems are essential in manufac-
turing and must provide exceptional positioning accuracy at high
speeds. Such performance can be achieved with model predictive con-
trol (MPC) designed to track a 2D contour (Lam et al., 2010a; Lin-
iger et al., 2019), but it requires careful tuning and powerful pro-
cessing capabilities of the underlying hardware. It is possible to de-
sign an ideal trajectory offline using the superior planning capabili-
ties of MPC, which is then input to a low-level PID controller (Yang
et al.,, 2015a). While this strategy improves system tracking per-
formance without requiring fast online computation, it involves ad-
justing many settings in both the MPC planner and the low-level
controller.

One of the main requirements for a successful MPC implementation
is the availability of an accurate model of the system dynamics. Alterna-
tively, the performance degrades due to imposed robustness constraints.
Instead of limiting the controller to worst-case scenarios, systematic tun-
ing of the parameters in the MPC optimization objective can be exploited
for maximum performance (Forgione et al., 2020; Lu et al., 2020; Piga
et al., 2019; Sorourifar et al., 2020). The approach relies on efficiently
finding parameters, such as optimal weights in the MPC cost, prediction
horizon length, and even dynamic model parameters through Bayesian
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optimization, and tuning is done with respect to optimizing the perfor-
mance of the system. The performance criteria can be represented by
features in the data measured during system operation at different val-
ues of the optimized parameters (Khosravi et al., 2020), as demonstrated
for applications in motion systems or in HVAC systems (Catenaro et al.,
2024; Khosravi et al., 2019a,b; Savaia et al., 2021). Bayesian optimiza-
tion selects interactively each subsequent candidate configuration of pa-
rameters for evaluation in order to minimize the number of evaluations
while finding a global optimum (Gardner et al., 2014a). The approach
has been successfully applied to real-world applications, including lin-
ear and rotational axes embedded in grinding machines and shown to
standardize and automate tuning of multiple parameters (Busetto et al.,
2023; Khosravi et al., 2022).

Providing optimized trajectories to the low-level controller is an es-
tablished approach in high-precision machining (Yang et al., 2015b).
Contouring MPC (Liniger et al., 2019) is particularly suitable for such
set-point optimization due to the convenient formulation of trade-offs
between speed and accuracy. In such multi-objective optimization prob-
lems, tuning the parameters of an MPC controller is critical, especially
when pushing the system to the limit is desired, e.g., in racing (Gharib
et al., 2021; Vazquez et al., 2020), and in high-volume, high-precision
manufacturing (motion axis and stages, e.g., Balta et al., 2021; Konig
et al., 2021).
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A. Rupenyan et al.

Numerical results on precision motion systems demonstrate that
Bayesian optimization can significantly push the system performance
when used for tuning of the parameters (horizon length and weights
in the optimization objective) of an MPC-based planner for reference
trajectories. In particular, the underlying dynamics model for the pre-
dictive controller is low fidelity (Balta et al., 2021; Rupenyan et al.,
2021). Optimization is based on a set of metrics designed to quan-
tify the overall performance throughout the trajectory. It has also re-
cently been shown that the performance of the motion system PID con-
troller can be optimized in a run-to-run approach that incorporates safe
exploration (Konig et al., 2025), relying on the acquisition of data from
the real system.

This work builds upon prior demonstrations of BO-based controller
tuning for motion systems (Khosravi et al., 2022; Konig et al., 2025;
Rupenyan et al., 2021) and hierarchical control structures (Khosravi
et al., 2020). Our specific contributions are threefold: (1) We demon-
strate numerically that joint optimization of high-level MPCC planner
parameters and low-level PI gains achieves superior performance both
in traversal time and in tracking accuracy, compared to optimizing ei-
ther layer in isolation, even when the underlying dynamics model is de-
liberately low-fidelity. This extends (Rupenyan et al., 2021), which opti-
mized only MPCC parameters, and Khosravi et al. (2021, 2020), which
studied cascade controllers but not in the MPCC contouring context.
(2) We introduce operational constraints to improve the practical fea-
sibility of the MPC formulation (acceleration and velocity ranges) and
performance constraints (maximum jerk, maximum contour error, or
maximum traversal time) in the BO implementation. (3) We provide ex-
perimental validation on micrometer-precision hardware, demonstrat-
ing two cost functions and constraint formulations and convergence be-
havior. The joint optimization benefits are demonstrated numerically,
and experimental results focus on MPCC-only tuning on a precision mo-
tion system. We demonstrate that performance-based joint tuning can
compensate for model inaccuracies without explicit model refinement,
as evidenced by the performance improvements achieved despite the
simplified second-order dynamics model. These contributions extend
MPCC-based tuning to include constraint handling, joint optimization
across controller layers, and experimental validation on real hardware
for the optimization of the MPCC parameters.

This paper is organized as follows. In Section 2, we introduce the
parameter tuning in contouring control with MPC controllers. Section 4
presents the contouring MPC approach, used for trajectory optimiza-
tion. Section 3 describes the plant and its low-level controller, and in
Section 5 we introduce the proposed approach for tuning the MPC and
the low-level parameters. We then present numerical results in Section 6
and experimental results in Section 7.

2. Data-driven parameter tuning in contouring control

In this paper, we focus on the precise 2-D positioning problem for a
biaxial gantry. The goal is to traverse a path with a given geometry in
a minimum time and remain in a specified tolerance band around the
path. We measure the deviation from the reference geometry using the
2—norm and the co—norm of the error along the specified parametrized
trajectory (see Section 4 and Rupenyan et al. (2021) for details on the
parametrization), and allow a maximum deviation of 30 um over the
whole trajectory. The movement is further constrained following the
physical constraints of the motion stage on its velocity, v, and accelera-
tion, u, where the maximum velocity in both x and y directions is 0.2m/s
and the maximum acceleration is 20m/s>.

The system has a low-level cascade PI controller. Before applying any
commands, the reference geometry is processed by a MPC-based plan-
ning unit denoted by MPCC, for Model Predictive Contouring Control.
The underlying model used in the planner is a low-fidelity linear model
identified using a limited number of target geometries for the position-
ing task. The planner thus introduces several tunable parameters in its
optimization objective, without extra complexity in the modelling. The
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Fig. 1. Schematic of the positioning system, showing the MPCC planner, the ma-
chining stage, including the low-level controller, and the identified plant G(s).

goal is to improve the system’s performance by tuning the parameters of
the planner and of the low-level controller, while leaving the structure
of the controller and the physical properties of the machine intact.

The system exhibits high repeatability with run-to-run variations
of approximately 2 um (see Section 6), which is substantially smaller
than the positioning errors we aim to minimize (8-30 pm range). This
repeatability enables sample-efficient data-driven tuning: performance
metrics computed from a single trajectory execution reliably character-
ize system behavior for a given parameter configuration, without requir-
ing extensive averaging over multiple runs. The tuning procedure thus
iteratively evaluates different parameter settings by executing complete
geometry traversals and computing global performance metrics (traver-
sal time, maximum contour error, etc.) from the measured position and
velocity data.

3. Plant and low level control

Our physical system is a 2-axis gantry stage for (x,y) positioning
with industrial-grade actuators and sensors. Following Rupenyan et al.
(2021), we model it as a mass-spring-damper system, which is suitable
to include friction effects in the motion of the system (Qian et al., 2016).
We model each axis independently, with an identical dynamics model,
but different identified parameters, indicated by w. The detailed model
is provided in Rupenyan et al. (2021).

For the description of the position trajectory, let p,, be the position
trajectory obtained by simulating the corresponding dynamics with re-
spect to the parameters w, and J be the error metric between the real
measurement of position p and the simulated position p,, defined as
Jw) :=|lp—pylle + IIp — Ppllo- The error metric J includes the over-
shoots via the infinity norm, and the offset, via the 2-norm. The param-
eters w are estimated via argmin,,J(w), using the available solvers for
nonlinear optimization.

The plant is controlled by a cascade PI controller for tracking the
position and velocity reference trajectories (see Fig. 1). The force input
applied to the system is

u=K,(K,e,+e,), (@D)]

where (K, K,) are the nominal gains of the controller, and e, and e,
are the error signals, respectively, in tracking the desired position and
velocity trajectories.

The transfer function from the reference trajectories to the actual
position and velocity is as follows,

HZ(S)] [pref] @)

pl_ 1 [H
SH, ()| | Uref

v| = H(s) |sH,(s)

where p 1= (X, ), Pref : = (Xrefs Vref)s U 2= (X, 9); Upe := (Xpef> Vrep)> Hy» Hy
and H are defined as H,(s) = K,K,G(s), H,(s) = K,G(s), and H(s) =
K,sG(s) + 1 + K,K,G(s). Given (2), we obtain a discrete time model
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P o
Fig. 2. The contour and the lag errors e,, and e;, are the vector components

of the total error e, = ry(s;) — p; in MPCC. Their approximations are visualized
and denoted by é_, and ¢, ,.

with sampling time T = 2.5ms as

(x) _ (x) Xref,k
19k+1 = Axlgk + B, [X ],
b, ref,k (3)
X | _ (x)
[xk] = G
in x-axis, and
» _ ) Yref k
9., =A9+B, [y ]
b, ref,k (4)
Yk ¥
S =C9.7,
2| = oot

in y-axis, where [xk7xk]T7 [yk’yk]T’ [Xref,k!xref,k]T and [yref,k’j’ref,k]T
are respectively sampled version of [x,x]7, [y, 717, [Xef Xrefl' and
[Vref: Jref] > and, 9 and 8" respectively denote the state vectors in
the corresponding discrete-time dynamics.

4. MPC planner

The tracking of a 2D-geometry is described via the model pre-
dictive contour control (MPCC) framework, proposed in Lam et al.
(2010b). We denote the k™ sample of the real position of system by
Px = (X4, y) € R2. Following Rupenyan et al. (2021), we introduce a
virtual path parameter, s;, defined as s, = s, + Tvy,, where v, is
the sampled velocity along the path at time step k and 7T is the sam-
pling time. To avoid projecting the current position onto the path via
8y 1= argmingg 1) llr4(s) — p |l at each time step, MPCC introduces a vir-
tual path parameter s, that approximates this projection dynamically.
This parameter evolves according to s, = s, + Tv,,, where vy, >0 is
the value of the velocity along the path at time step k, an optimization
variable that determines the progression rate along the path, and T is the
sampling time (Liniger et al., 2019; Rupenyan et al., 2021). This formu-
lation avoids expensive geometric projections and allows the controller
to optimize both tracking accuracy and traversal speed simultaneously.
s, is not tied to a pre-computed time-based trajectory. The MPC con-
troller determines the optimal progression rate v, online to achieve
time-optimal performance while satisfying constraints. The tracking er-
rors are introduced as states with virtual dynamics in the optimization
problem. We describe the deviations in following the reference geome-
try via approximated errors, the contour error é., and the lag error ¢,
following the schematic in Fig. 2.

We define the total error vector e; = ry(s;) — py, decomposed into
the contour error e, (perpendicular distance to the path, representing
geometric tracking accuracy) and the lag error e, , (tangential distance
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along the path, indicating how far the virtual parameter s, is ahead of or
behind the actual system progress). These are approximated in the MPC
as é,, and ¢, by projecting ¢, onto the normal and tangent directions
at ry(s;) (Fig. 2).

We further perform first order linearization around the operating
point, then introduce the following dynamics for the errors

rl (sp)
dx 7k . 1.0.
e/,k+l=,x—(rd.x(sk)_xk_Txk__szk)
[l (sl 2 ®)
LT PP
+ -y )=V =Ty — 5T ¥ )+Tvgy,
I sl 2 :
N rii,y(sk) N
bepr1 == 77— rax(s)—x, —Tx — 5T7%)
[Ir" sl 2 )
L s Ta-AT25
+ TayS )= =Ty—5T75;).
sl 2

The parametric derivative of ry is denoted by r’4(s) := (rl’i’x(s), rfl’y(s)),
and %, j, are sampled accelerations of the system in the x and y coor-
dinates.

The virtual path parameter is a good approximation of the minimal
deviation between the real and the desired position only when the lag
error ¢, is small, ensuring that é., is in turn well approximated. The
dynamics of the errors enable their inclusion in the MPC formulation
as state variables - namely, the parametric derivatives ¢, and é_,, and
the path parameter s,. The other states of the real system (e.g., velocity
and acceleration of each axis) originate from the identified, discretized
state-space model.

We now collect the state variables with real and virtual dynamics in
the state vector z; as

. )T - »"T - s 45 1T
Z, .= [19k ,rx’k,rqu,ﬁky ,rqu,ry,k,sk,el’k,ec’k] B (@]

where r, y, Fyx, 7, and 7, are sampled version of r, ., 7y ., 74 ,, and
74y, respectively. The inputs are collected in the vector u,, defined as
w, 1= [%; J; v,,]T. Following (3)-(6), we obtain a linear time-varying
system of the following form.

Ziy = Agzy + Biuy +dy, ®

where only the error dynamics are time-dependent.
The contouring trajectory optimization problem can now be formu-
lated as

N-1
n

42 22
z (Vleuc + Ve~ VoUsi t uZRuk + AkuTSAku)

I;li
k=

U

+ 71,NéfN + Vc,NéiN —YVs,NSN>» )
k=0,,N -1,
k=0,,N -1,

stz = Agz, +Biug +dg,

. €T, v, €V, u €U,

vy €EVy, é.nETy,

where z, is given, Aju :=u; —u,_; is the change in the acceleration,
Z :=(z,...,zy) and U := (ug, ..., uy_,) are the state and input trajec-
tories, y, and y, are the error weights, R is a diagonal positive definite
input weight matrix with non-zero terms y; and y; for the acceleration
along the two axes, S is a positive definite weight matrix applied to the
acceleration differences with non-zero diagonal terms y; and yy, v, is a
linear reward for path progress and, 7 ¢ is the tolerance band of +20 um,
71.n and y, y are terminal contouring weights, and y, y is the weight con-
sidered for the progress maximization. The multi-objective cost function
of the MPCC planner penalizes the squared longitudinal error é,z and the
squared contouring error ég, rewards progress at the end of the horizon
sy, encourages fast traversal, and penalizes the acceleration inputs and
their change (jerk). Thus, it is designed to achieve accurate and rapid
tracking while simultaneously minimizing vibrations in the system.
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5. Data-driven tuning for contouring control

In this section, we first present the preliminary concepts required for
the proposed data-driven tuning methodology. More precisely, to enable
high-performance contouring control without manual calibration, we
develop a model-free and data-driven parameter adaption scheme uti-
lizing probabilistic modeling and optimization. Accordingly, we begin
by introducing the essential preliminaries, namely Gaussian process re-
gression for modeling system performance metrics and constraints, and
Bayesian optimization for efficient parameter selection.

5.1. Preliminaries

5.1.1. Gaussian process models

A Gaussian Process (GP) is a collection of random variables with a
jointly Gaussian distribution (Rasmussen, 2006). Let GP(u, k) be a Gaus-
sian process prior for a function f(¢), where y : X > Rand k : XXX —
R are respectively the mean and kernel functions in the GP prior taken
for f. Define information matrices y,, :=[&, ... ,&,1T. Subsequently, for
any ¢ € 5, we have

9@ ~N (uf,?(f), v,%')(z:)), j=0,1,.2, (10)

with mean and variance defined as

WO = 0@ + KD @TKY + 077 € - Oz, a
and
W@ =k & kP OTKY + o2 kI (@), (2

where [ denotes the identity matrix, aj? is the variance of uncertainty

in the evaluations of f;(¢), vector k,&';)(f) and u%(y,,) are respectively
defined as

kD) = K0 &), ... k&, )T € R, 13)
and
#O0 = W€, ... . uPEI" e R™, 14

and matrix K,(,j,) is defined as [k (¢ SEIT € Rmxm,

ip,ip=1

5.1.2. Bayesian optimization
In constrained Bayesian optimization (Gardner et al., 2014a; Shahri-
ari et al., 2015), we need to solve the following optimization problem

g IO as)
s.t. c(é) < ¢y

where f is unknown and expensive to evaluate, = is the feasible set for
¢, and ¢, is a constraint threshold.

The performance objective function f and the constraint ¢ cannot
be analytically calculated, i.e., they might not have a tractable closed-
form expression, even when the dynamics of system are known. Each
of these functions is given in a black-box oracle form, and only noisy
samples of them can be observed. In Bayesian optimization (BO), us-
ing the available noisy samples, we can create a probabilistic surrogate
model using Gaussian process regression (or any model that provides
uncertainty estimation) of the objective function, which maps the opti-
mization variables to the observed noisy evaluations of f. Then, instead
of optimizing the unknown objective, another function is used, which is
easy to access and evaluate, an acquisition function, which trades explo-
ration and exploitation, and chooses the subsequent points for evalua-
tion using the GP mean and uncertainty over the whole available range.
Following Rupenyan et al. (2021), we use as an acquisition function the
expected improvement function, ag;,, : © - R, where

ag (@) 1= (1, O)P1,, (&) — P(1,,(&)) vﬁ’)(&)% : 16)
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Here, ® and ¢ respectively denote the cumulative distribution function
and the probability density function of the standard normal distribution,
and 7,,(€) is defined as

() = UO@) - N V0@, an

where ¢%* denotes the minimal cost observed within the first m exper-
iments. As a standard practice for constrained problems, we multiply
the expected improvement function by the probability of feasibility, to
obtain the constrained expected improvement (Gardner et al., 2014a) as
follows:

e = 10 © | | g = ©
1 1 .
v (©)2 v (©)2
The second term in acg () indicates the feasibility probability of the

design parameters £. To solve the optimization problem (15), we need
to solve the following problem iteratively

acerm($) = ag m(§) @ 18)

Emp1 1= arggmax acgrm(é) - (19)
€=

until a stopping criterion is met.

5.2. Data-driven tuning methodology - problem setting

We now use our simple model and the error dynamics within the
MPC planner as a base for the MPC approach, while tuning the MPC cost
parameters and other low-level control parameters. This tuning aims to
both achieve high performance and to compensate for model imperfec-
tions. The controuring MPC parameters (9) and the lower level control
parameters introduced in Section 3, are thus collected in the vector ¢&
defined as

E =V Yo Y Yo Vi Yo N K KT (20)

The parameter vector ¢ in (20) contains both continuous parameters
(weights y,,7,, etc., and gains K, K,) and one discrete parameter (hori-
zon length N). For the discrete parameter, we define a finite set of can-
didate values N € {10, 15,20, 25,30} based on computational constraints
and preliminary manual tuning. The GP model treats N as continuous
within its bounds, and the acquisition function is maximized over the
continuous relaxation. When a new evaluation point ¢, is selected, we
round N to the nearest value in the candidate set before performing the
experiment. The rounded value of N is used both for the trajectory exe-
cution and as the data point recorded in D,,. This approach is standard
practice for mixed-integer BO (Garrido-Merchan & Herndndez-Lobato,
2020) and works well when the number of discrete values is small.

We now formulate the high-level optimization problem aiming at
addressing both accuracy and traversal time. The corresponding cost
function and constraints are defined based on the entire position and
velocity trajectory. This takes into account the overall performance and
the operation limits corresponding to our control scheme. As we will
be exploring different configurations of gain parameters, we will work
with a predefined set of gains that does not disturb stability in the sys-
tem. Such sets can be obtained through several strategies depending
on available system knowledge: If approximate dynamics are available
(as in our case via the identified model in Section 3), classical stabil-
ity analysis (Nyquist, gain/phase margins) can establish conservative
bounds. In case suitable ranges are not reccomended during commis-
sioning, it is possible to start from known stable configurations (e.g.,
factory defaults), and the parameter ranges can be gradually expaneded
while monitoring stability indicators (oscillations, settling time). When
no prior knowledge is available, techniques based on safe exploration
for Bayesian optimization (Zagorowska et al., 2023) can be employed
to learn safe regions online through cautious exploration with proba-
bilistic safety guarantees, even in the presence of drifts and changes in
the system (Li et al., 2024). These methods typically require more con-
servative initial exploration but provide rigorous stability certificates.
For our experimental setup, the identified model provides conservative
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stability bounds which we validate through initial manual tests before
beginning BO.

The second-order mass-spring-damper model in the MPCC planner
neglects higher-order dynamics, nonlinear friction effects, and cross-
coupling between axes. This low-fidelity model serves as a nominal
predictor, while the BO-based parameter tuning compensates for model
inaccuracies by directly optimizing parameters based on measured sys-
tem performance. An alternative approach would be to iteratively refine
the model structure or parameters alongside controller tuning. How-
ever, this presents several challenges: (i) online model learning requires
additional excitation signals that may compromise safety constraints,
(ii) model parameter uncertainty propagates through the MPCC op-
timization, potentially degrading robustness, and (iii) the combined
model-controller optimization significantly increases computational
complexity.

The goals of the motion planning problem are to traverse the given
geometry as fast as possible and to adhere to the predefined tracking
tolerances. The first goal is directly reflected by the total number of time
steps necessary to traverse the whole geometry, denoted by k. Note
that k. implicitly depends on the vector of parameters &; accordingly,
we define the cost function as

80(&) 1= ki -

For the second goal, aiming to minimize deviations and oscillations
in the system, we introduce two constraints as

1@ = max (e | Jwi ) < de on
£© 1= |Eeidis ] < o

where X, i, is sampled jerk of the system in the x and y coordinates, and
¢y and g, ,, are threshold values for the constraints, i.e. for the maximal
allowed jerk and the maximal allowed deviation along the whole geom-
etry. The dependency of these constraints on the vector of parameters
is highlighted by the argument ¢ employed for g, and g,. The first con-
straint, g,(¢) < ¢y, limits oscillations in the system due to unaccounted
changes in acceleration originating in the MPCC stage. The second con-
straint, g,(&) < ¢,,,, limits the maximal allowed lateral error along the
trajectory, and serves as an additional tuning knob on the tracking error,
apart from the contouring approach outlined in Section 4. Reversing the
roles of the constraints and the objective function can move the trade-off
in a different direction, and the framework proposed here easily enables
this possibility. To tune the parameters £, we need to solve the following
optimization problem:

min 8o(&) 22)

st g < gy, =12,
with E being the set of admissible & vectors. For a given ¢ € E, the value
of gy(&), g,(£) and g,(¢) can be obtained by performing an experiment,
where the design parameters are set to &, a complete cycle of operation of
the system is performed, the values of the three functions are calculated
based on the resulting full trajectory of position and velocity. We use
Bayesian optimization to solve (22) with a minimal number of evalua-
tions. Both the objective function and the constraints are unknown func-
tions, which can be sampled; thus, constrained BO learns both functions
online by iteratively sampling them and finds the optimum based on the
Gaussian Process models of both functions. Occasional constraint viola-
tions during optimization are acceptable, because the physical system
has built-in safety limits (Table 2) that prevent damage, and the con-
straints in (22) represent performance targets rather than hard safety
boundaries. The work in Konig et al. (2025) demonstrates integration
of safe BO for motion control when hard safety constraints are required.

5.3. Data-driven tuning methodology - Bayesian optimization

We assume that we are given an initial set of design parameters
Enit = 1{& € Eli=1,...,my; ). This set can be obtained either by ran-
dom feasible perturbations of nominal design parameters, &,,,, or, one
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may employ Latin hyper-cube experiment design (Mckay et al., 2000) to
have maximally informative &;;. The proposed tuning approach main-
tains a set of data D,, defined as

D, = {&.¢”.q" g |i= 1. m),

where m is the iteration index, ¢; is the design parameters correspond-
ing to the jth experiment, and, for j =0,1,2, Z;l.(’) denotes the computed
value for g;(¢;) based on the measured data in the ith experiment. More
precisely, we define g“l.(j) =g+ n?), for all i and j, where n?) is a noise
term introduced to capture the impact of uncertainty in data collection.
At each iteration m, we build the GP surrogate models g("{) for the objec-
tive and the constraints.

Using these probabilistic surrogate GP models, we can select the
parameters ¢, € & which will provide the subsequent evaluation of
g;- The parameters are effectively selected by the constrained expected
improvement acquisition function, which selects the parameter corre-
sponding to the highest feasible expected improvement of the cost fol-
lowing (18). The optimization problem of the acquisition function can
be solved using particle swarm methods, or local approximations such as
Zagorowska et al. (2023). We iteratively perform this for every subse-
guent &nt1> and add the newly evaluated values of {g;(&,. 1)}§=0 to the

ataset

Dyt = Dy UL G- Co o Cod )Y 23)

m+1° "m+1°
This iterative procedure generates a sequence of {&,|m = 1,2, ...} which
converges to the solution of (22) (Gardner et al., 2014b).

Fig. 3 summarizes the Bayesian optimization-based scheme for data-
driven tuning of MPCC. We use squared-exponential (RBF) kernels for
k), j =0, 1,2, with automatic relevance determination (ARD), i.e., each
parameter in £ has its own lengthscale. Using &;;, the kernel hyperpa-
rameters (lengthscales and output variance) are optimized by maximiz-
ing the marginal likelihood. After the initial training phase (20-30 sam-
ples for our experiments), we fix these hyperparameters for the remain-
der of the optimization to ensure stable convergence. The learned ARD
lengthscales provide insight into parameter sensitivity: shorter length-
scales indicate parameters to which the objective is more sensitive. The
hierarchical structure of the controller encodes different sensitivities,
and the more sensitive MPC-controller parameters (see also Table 1)
correspond to shorter length scales. Thus, parameters with long length
scales could be fixed earlier, also reducing the dimensionality for further
optimization iterations.

Furthermore, the optimization algorithm is terminated following a
stopping criterion. Various criteria can be applied, such as a limit for
the maximum number of iterations (as in our implementation), or ob-
servation of repeated consecutive solutions of (19) with approximately
minimal observed cost (Khosravi et al., 2021). We set the mean functions
as i =0, j =0,1,2 (Rasmussen, 2006). If we have prior information on
the shape and structure of g;, j =0, 1,2, e.g., from similar experiments
or numerical simulations, we can employ other options for the mean
functions (Rasmussen, 2006). The full implementation is provided in
Algorithm 1.

For repetitive positioning tasks on stable systems, the proposed
performance-based tuning can compensate for model mismatch with-
out MPC model refinement. Thus, the simplest “off-the-shelf” model
should be sufficient to improve the system’s performance. The parame-
ters £ in (20) encode corrections for unmodeled dynamics through their
influence on the MPCC cost function. As demonstrated further in the
experimental results, Table 4, this strategy achieves 15% improvement
in tracking accuracy (maximal tracking error) despite the simplified
model.

The proposed approach optimizes 8-10 parameters in Eq. (20),
which is within the effective range of standard GP-based Bayesian op-
timization. For industrial systems requiring higher-dimensional tuning
(e.g., > 20 parameters), several extensions are available: local search re-
gion methods that constrain exploration to promising subspaces (Paul-
son et al., 2023), trust-region approaches that iteratively refine local
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approximations (Eriksson et al., 2019), and decomposition strategies
that exploit hierarchical controller structure to tune subsystems sequen-
tially or in groups (Zagorowska et al., 2023). Alternatively, dimension-
ality reduction techniques such as active subspace methods or random
embeddings can identify low-dimensional representations of the param-
eter space where optimization remains tractable (Nayebi et al., 2019).

Algorithm 1 Constrained Bayesian optimization for controller tuning.

1: Input: Initial parameter set &inie = {&1, - -, &mn 1+ COnstraint thresholds
q1,tr; G2,tr, Maximum iterations Mmmax

2: Output: Optimized parameters {*

3: Initialize dataset D,y =0

4: for i =1 to mip;; do

5. Execute trajectory with parameters §; on the physical system

6:  Measure position and velocity over complete trajectory

7. Compute (¥ = go(&), ¢ = 91(&), ¢F = g2(&)

8 Doy ¢ D U{(6,¢7, ¢V ¢}

9: end for _

10: Initialize GP models g,(,{,)m for j =0,1,2 using Dy,

11: Optimize kernel hyperparameters by maximizing marginal likelihood, then
fix

12: Set m < Mipig

13: repeat

14:  Compute acquisition function acgr,m(€) using Eq. (18)

15: Em+1 < arg maXee= aCEI,m(&)

16:  Execute trajectory with parameters &,,11 on the physical system

17:  Measure position and velocity over complete trajectory

18:  Compute Cv(,?-)u = g0(Ems1), Cf;-)u = g1(Ema1), Cy(jil = 92(§m+1)

0 1 2
19: Dpgr = Doy U{(€my1, Cr(nzrlv Q(nzrla Cr(nld)}

20:  Update GP posteriors gﬁi)ﬂ for j =0,1,2 using Dy,41
21: m<+—m+1

22: until m > my,ax or stopping criterion met

23: return {* « best feasible parameter from D,

6. Numerical results

This section presents numerical validation of the joint optimization
framework. We compare three strategies: (1) optimizing MPCC parame-
ters only with fixed low-level gains, (2) optimizing low-level gains only
with fixed MPCC parameters, and (3) joint optimization of all param-
eters. This comparative study quantifies the added value of joint tun-
ing, a contribution distinct from prior work (Rupenyan et al., 2021)
which demonstrated only MPCC optimization and (Khosravi et al.,
2021) which addressed cascade controllers without trajectory planning
and MPC-based control parameters. The experimental validation in Sec-
tion 7 focuses on MPCC-only tuning due to hardware access constraints
and the marginal gains from low-level tuning demonstrated here.

We study the performance of the introduced approach on a geometry
containing corners (octagon) and on a smooth geometry (double circle
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shape) with different curvatures, as shown in Fig. 4. We use Matlab in
conjunction with Yalmip/Gurobi to solve the corresponding contouring
MPC quadratic program in a receding horizon fashion and the GPML
library for Gaussian process modeling. The repeatability of the system
is characterized by deviations of 2um between runs, which is a small
fraction of our error bounds of 20um. This repeatable motion enables
pre-optimizing the planner and the corresponding input references (po-
sition and velocity reference for the low-level controller, for the whole
geometry), before measuring the performance over the entire trajectory.

The two error metrics used to compare performance are defined
as follows: [12lles 1= 116,411 lleos and l12.lly = 16 k11, Ilo, over the
whole geometry.

We have previously reported in Rupenyan et al. (2021) that adding
the MPC planner is beneficial and results in a large improvement over
the traversal time, while the deviations are maintained within the
bounds, whereas the low-level controller without an MPC planner ex-
ceeds the bounds by up to 45um.

We now aim to optimize the results further using the MPC Planner.
This involves reducing manual tuning of the MPC weights and demon-
strating that jointly tuning MPC Planner parameters and low-level con-
troller gains further improves performance.

6.1. BO-based tuning of the MPC parameters and of the low-level
controller parameters

We proceed with tuning the MPC planner parameters, while the low-
level controller gains are fixed, following the optimization problem from
(22). We start the optimization with a training phase of 20-30 experi-
ments (either randomly selected, or using a design of experiments ap-
proach such as Latin Hypercube design). This ensures good priors of the
Gaussian process models, however, the optimization can also start from
one random sample and zero mean for the Gaussian process. The thresh-
old in the performance constraint from (22) is set to qy 4 = 2000m/ $3,
and we introduce an additional tracking error constraint with ¢, ,, = Sum
which further guides the selection of parameters beneficial for improv-
ing tracking. This global tracking error constraint has the effect of in-
creasing the traversal time by 10% compared to manual tuning, while
maintaining the maximal deviation within the bounds (see Table 1).
While the traversal time increases slightly compared to manually tuned
MPC, the maximum deviation error ||é. ||, decrease is 5-fold, especially
for the double circle geometry. The constraints on the jerk successfully
result in avoiding large jumps in acceleration. The performance metrics
corresponding to the manually tuned MPC planner are on the top row
in Table 1.

As discussed in more detail in Rupenyan et al. (2021), optimising
the low-level controller gains has only a marginal effect on tracking
performance. We provide the performance metrics here for the sake of
comparison, in Table 1. Since the constraint imposed on the jerk does
not apply to these parameters, the deviation error ||é, ||, increases.

6.2. Joint BO of the MPCC and low level parameters

Finally, we optimize the MPC parameters jointly with low-level con-
troller gains. The optimization is performed with safety and perfor-
mance constraints on the tracking accuracy and on the change of ac-
celeration, following (22). As the number of optimization variables is
now higher compared to the previous cases, we increase the number of
training samples in the initialization phase to 30 samples, chosen again
with Latin hypercube sampling. The initialization phase provides infor-
mative priors for the GP models and enables safe exploration by iden-
tifying feasible regions before optimization begins. Alternatively, it can
be replaced by manual tuning using expert intuition. Fig. 6

Joint parameter tuning achieves both shorter traversal time and
more efficient deceleration and acceleration when compared to the nom-
inal case. The resulting smaller deviation from the reference geometry is
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Fig. 4. Left panel: Double circle and octagon target geometries. Center and right panels: Position, velocity, acceleration, and maximal contour error resulting from
joint optimization of the MPC and the cascade controller for double circle (center) and octagon (right) geometries.

Fig. 5. Biaxial motion stage used in this work, with the two axes indicated by arrows.

shown in Fig. 4. Relaxing the constraint allows for optimizing the traver-
sal time while exploiting all the freedom within the provided bounds.
After the initial learning phase, the algorithm finds the optimum within
20 BO iterations for the smooth geometry, whereas for the octagon, the
number of iterations is larger. The confidence interval in the cost pre-
diction narrows, especially for the octagon trajectory, possibly due to a
better pronounced minimum in the cost of this geometry.

The proposed iterative tuning method can be compared with other
approaches that learn from previous iterations, such as iterative learn-
ing control (ILC) methods (Barton & Alleyne, 2008). The key difference
lies in how learning occurs across task repetitions. The BO approach op-
timizes static controller parameters (MPCC weights and low-level gains)
that remain fixed during trajectory execution, whereas ILC learns feed-
forward control signals that are updated iteration-to-iteration based on
tracking errors, directly compensating for repetitive disturbances and
model inaccuracies. ILC-based methods can achieve superior tracking
performance (35-47% contour error reduction over 100 iterations in
Barton & Alleyne, 2008), requiring exact trajectory repetition and pro-
vide improvements only for specific, repeated tasks. In contrast, the BO

framework is capable of generalization across different trajectories exe-
cuting on the same system, as the optimized parameters encode correc-
tions for systematic errors rather than trajectory-specific feedforward
signals. Additionally, BO-based tuning requires only black-box access
to adjust controller parameters, making it more practical for industrial
systems where modifying low-level control software is often infeasible
or undesirable.

7. Experimental results

We now present the experimental confirmation of the presented tun-
ing approach, applied to the MPCC parameters, which provide higher
performance gain than the already optimized low level controller pa-
rameters.

7.1. Experimental set-up

The experimental setup is a biaxial motion stage, shown in Fig. 5,
and consists of an ETEL DXL-LM325 two-stage motion system. The
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Table 2
Software-limited values and operational figures of the

initialization phase =~ - predicted cost experimental setup.
Property Value Unit

confidence interval 20 =% best observed cost
Maximum acceleration 40 ms~2

Maximum velocity 1.5 ms

Working area X axis [-0.19,0.19] m

; ; ; Working area Y axis [-1.305, 1.305] m

Double circle geometry R Main control loop frequency 10 kHz

Repeatability 2 pm

—~1

—e—observed cost e feasible point

20 f

0.8 . 0.8

cost [s]
1] m)

[[&]|2[m]

06 * 06"

04r ‘., 04r
freee., ce e

0.2} 0.2 °

1 Time [s] 2 3 4 0 1 Timels]2 3 4
15+ Octagon |

Fig. 7. Error metrics plotted against traversal time for the nominal case. Each
geometry

point is an average of 5 repetitions.

motion system is instrumented with quadrature encoders that measure
the position of both axes and is actuated with ETEL LMS15-100 linear
motors. The system is equipped with a feedback controller that adjusts
the motor voltages to track a supplied reference trajectory, shown in
Fig. 1. The motion stage has limits on the acceleration, velocity, and
position of the reference trajectory to prevent accidental damage. More
details about it are provided in Balula et al. (2024), and the main char-
acteristics of the setup are provided in Table 2.

cost [s]

10 20 30 .40 50 7.2. Nominal performance
Iteration

Fig. 6. Evolution of BO iterations, until optimization terminates. For the evaluation of the nominal performance, the octagon geom-
etry is used directly as the input to the low-level controller, without
any optimization. We set the sampling time to 7' = 2.5ms to match the
sampling time used in the numerical study. As shown in Fig. 7, the er-
Table 1 ror metrics indicate that contour error decreases with lower velocities
Performance metrics evaluating tracking accuracy and time. The MPCC con- (i.e., longer traversal times), but the rate of improvement diminishes
troller including the ||, ||, constraint is separately indicated. as traversal time is increased further. Thus, empirically, the minimal
MPCC - manual tuning, time el lel possible [|¢]|, is found to be at around 25um, corresponding to the slow-
(fixed low-level parameters) [s] [um) [um) est measured trajectories, whereas the mean error over one trajectory (

double circle 1.29 20 38 llé]l,) is at 10um, and is reached at moderately fast trajectories.

octagon 1.22 19.6 0.78

BO - MPCC, (fixed low-level parameters) 7.3. Performance following BO for trajectory optimization

double circle L1l 20 7.4 This section demonstrates the tuning of the MPCC controller on the
octagon 0.97 8.9 0.55 . .

real system for two formulations of the cost and the constraints, corre-
BO - MPCC, (fixed low-level parameters) sponding to different priorities: the first is the traversal time as a main
llecllo, constraint objective, with a fixed contour error; the second is the tracking perfor-
double circle 1.259  3.78 0.29 mance as a main objective, with a fixed traversal time as a constraint.
octagon 112 7.8 0.29 The nominal trajectories used for comparison are selected from the
BO - low-level parameters, (fixed MPCC parameters) previously sampled nominal set such that their traversal times closely
double circle 0.93 20 3.9 match those of the corresponding optimized trajectories. This enables a
octagon 0.97 20 1.17 consistent comparison of the reported tracking performance metrics.

BO - MPCC, (tuning all parameters) . ..
llé, I, constraint 7.3.1. Traversal time as BO objective

We now run Bayesion optimization to optimize the MPCC parame-
ters 0, excluding the low-level controller gains, according to the scheme
in Fig. 3. We initialize with one randomly selected sample, i.e., with-
out any collection of training samples. At first, our BO cost function

double circle 0.99 4.4 2.28
octagon 1.11 2.86 0.26
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Table 3

Performance metrics (average of 15 repetitions) follow-
ing BO of the MPCC parameters, using the traversal
time as BO cost.

time [s] lleclle [pm] mean (e.) [pm]
optimized  3.27 25.6 13.8
nominal 3.29 27.8 10.0

Table 4

Performance metrics (average of 15 repetitions) follow-
ing BO of the MPCC parameters using the maximal con-
tour error as a BO cost.

time [s] |lec|le [#m] mean (e,) [um]
optimized  2.29 27.2 13.9
nominal 2.44 32.0 9.6

corresponds to the total number of time steps, as explained in Sec-
tion 5.2 and the enforced constraints correspond to the two contour er-
rors, £,(0) := |(ecil% || L < g1 and £0) := |16y [, < daur where
Gy = 35um and ¢, =25um, set according to the observed nominal
performance. At each iteration of the Bayesian optimization, the MPCC
model is run with the selected parameters 6 and the input iy, which
has been optimized with regards to the MPCC cost function, is used as
the reference for the machine. The resulting measurement data from
the run is then used in the calculation of the BO constraints. As a stop-
ping criterion, a maximum number of 50 iterations is chosen. This ap-
proach, however, brings a marginal improvement over the nominal per-
formance. The corresponding performance metrics are shown in Table 3.
The average errors are calculated from 15 repetitions for both the nom-
inal and optimized trajectories. The sample standard deviation of all
reported error metrics is below 0.2um, an order of magnitude smaller
than the difference in maximum error of 2.2 ym between the nominal
and optimized cases.

7.3.2. Maximum error as BO objective

We also tried a different formulation of the objective function
and constraints for the Bayesian optimization by swapping the time
duration with the maximal contour error, gy(6) := “[éc,k]klOl ”00 and

=1
£100) = Ko < d11es £200) = |12, |
timesteps, equivalent to 3.75s given the sampling time of 2.5ms, and
o = 40pm.

Fig. 8 shows the corresponding evolution of BO iterations. The re-
sulting reference and output trajectories of the best feasible point are
shown in Figs. 9 and 10. It is evident that the optimized trajectory slows
down near the corners and is faster on straight sections of the geome-
try. When the parameter optimization requires multiple evaluations, the
computational load of the GP model could become heavy. In this case,
local optimization approaches as demonstrated in Paulson et al. (2023),
Zagorowska et al. (2025) have been useful to overcome the GP matrix
inversion bottleneck.

The corresponding performance metrics are summarized in Table 4,
again showing the average results from 15 repetitions. This time, we
have a 15% improvement in the maximal contour error at a 6% faster
traversal time. While the average error is not improved, it remains well
below the constraint threshold in the optimized case. The sample devi-
ation observed for all reported metrics is again below 0.2um, indicating
that the differences reported in Table 4 are consistent across repetitions
and statistically significant. Visual inspection of Fig. 8 suggests that per-
formance plateaued after approximately 35-40 iterations. In compar-
ison, manual tuning by an expert control engineer typically requires
20-30 trial-and-error experiments (depending on the number of param-
eters to tune) to achieve satisfactory performance.

While Section 6 demonstrates numerically that joint optimization
of MPCC and low-level parameters achieves superior performance, the

, S In this case, ¢, = 1500
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focus of the experimental validation is solely on MPCC parameter tun-
ing with fixed low-level gains, due to restricted machine availability. In
practice, the dimensionality of the optimization problem would be in-
creased from 8 to 10 parameters, requiring more experimental trials to
achieve convergence. As the MPCC parameters exhibit higher sensitivity
to performance, as reflected by the fivefold reduction in maximum con-
tour error reported in Table 1, the experimental results provide strong
evidence supporting the effectiveness of the proposed approach. Future
work will validate joint tuning experimentally, with a focus on how
actuator nonlinearities, sensor noise, and unmodeled friction dynamics
affect the convergence and performance of high-dimensional Bayesian
optimization on real hardware.

Nonetheless, as our numerical experiments have shown, the pro-
posed methodology can be utilized for performance improvement of
wide range of systems with similar setup and structure. MPCC planner
parameters (y.,7;,7,, etc.) primarily encode trade-offs between speed,
accuracy, and smoothness that may generalize well across machines
of the same type executing similar tasks, particularly when the under-
lying MPCC model structure and geometric constraints are identical.
Low-level controller gains (K » K,,) are more sensitive to system-specific
dynamics (mass, friction, actuator characteristics) and will require re-
finement.

8. Conclusion

This paper demonstrated numerically and experimentally how an im-
provement in the productivity in positioning systems can be achieved
without any changes in the design of the system or its software. We
first optimize the input to a low level controller using a contouring pre-
dictive control approach. We then propose an automated tuning proce-
dure for selecting the parameters that enable maximal performance. In
our proposed sample-efficient tuning algorithm, the performance met-
rics associated with the full geometry traversal are modelled as Gaussian
processes. The resulting models are used to form the cost and the con-
straints in a constrained Bayesian optimization algorithm, where they
enable the trade-off between fast traversal, high tracking accuracy, and
suppression of vibrations in the system. We showed that this data-driven
tuning of all the parameters compensates for model imperfections and
results in improved performance, in terms of time and tracking accuracy.
The experimental validation of the algorithm on a micrometer precision
motion system shows up to a 19% reduction in maximum contour error,
depending on cost function formulation, combined with a 6% improve-
ment in traversal time. Further increase in the system performance was
demonstrated numerically, and can be achieved by tuning the system
controller’s gain parameters. The algorithm can be extended towards
geometry-independent tuning, by parametrically including the target
geometry in the trajectory optimization stage, and in the modelling of
the performance metrics.
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