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ABSTRACT
This article presents a control strategy for, which are magnetically actuated, micron-scale robots embedded into living cells. Our

approach combines model predictive control, which provides low computational complexity and adaptability to changing environ-

ments, with Gaussian Processes (GPs), which are used as disturbance estimators for precise path tracking. To address the challenges

posed by unmodeled dynamics, we integrate data-driven modeling with model-based control to accurately track desired trajectories

using relatively small data. To the best of our knowledge, this is the first work to integrate data-driven modeling with model-based

control for magnetically actuated cellbots. The GP effectively learns and predicts unmodeled disturbances, providing uncertainty

bounds as well. The experimental results show that our controllers perform very well, even in environments cluttered with cells.

1 | Introduction

The use of micron-scale robots (μbots) for medical applications is
an active area of research. Recent works have demonstrated their
potential in drug delivery [1, 2], biopsy [3], microsurgery [4], and
cellular manipulation [5–8]. Among these, magnetically actuated
μbots are particularly promising due to their biocompatibility
and the established use of magnetic fields in clinical settings
[9]. Precise motion control for magnetically actuated μbots in
the presence of noise and disturbances, especially in cluttered
environments with obstacles, such as biological cells, is a signifi-
cant challenge [10].

Cellbots are made by embedding magnetic μbots into living cells
(see Figure 1a). Cellbots have been shown to be particularly use-
ful for cell delivery and manipulation [11] and hold the potential
to significantly advance the field of organoid development [12].
However, due to the variability of numbers and positions of μbots

inside the cells, controlling cellbots is a very challenging problem
—this is our focus in this article.

Unlike rigid μbots, whose physical properties are consistent
across units, each cellbot is unique due to the stochastic nature
of bead endocytosis. The number, size, and spatial arrangement
of internalized μbots vary from cell to cell, resulting in different
dynamic behaviors. This means that a model trained for one cell-
bot cannot be directly reused for another, and the control frame-
work must be able to rapidly adapt to each individual unit using
limited data. Furthermore, the biological environment introdu-
ces disturbances such as cell membrane deformation, cyto-
plasmic drag, and interactions with neighboring cells that are
absent in standard μbot settings.

Several model-based approaches have been developed for path
tracking using μbots [13]. Examples include linear and non-
linear control methods, involving disturbance observers such
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as high-gain and extended state observers [14]. Robust control
techniques have also been employed to handle uncertainties
in the system dynamics [15, 16]. model predictive control (MPC)
has been implemented to accurately track desired paths while
minimizing control effort and ensuring adherence to output con-
straints [13, 17–19]. However, the performance of MPC depends
heavily on the accuracy of the system model and the estimation
of disturbances acting on the μbot. Traditional disturbance
observers have been combined with MPC [18, 20] to improve
model accuracy. These approaches are limited in their ability
to capture more complex dynamics. Alternatively, data-driven
methods, such as radial basis function (RBF) neural networks
[16], have been used to model disturbances and unknown
dynamics. In our previous study [21], we demonstrated that
the Gaussian Process (GP) is a more suitable choice as a distur-
bance estimator.

The works mentioned above apply solely to μbots and are not
suited to deal with the more complex dynamics of cellbots.
Related studies exploring μbots embedded within living cells
[22, 23] utilize different robot designs [24, 25] and actuation
mechanisms [26]. An earlier study used a rolling magnetic robot
within a cell. However, it was limited to simple scenarios where
the cellbot reached a target location in a straight line at a con-
stant speed [27]. Among works that combine data-driven model-
ing and model-based control, the authors of [28] propose a
framework that combines extreme learning machine and RBF
as disturbance estimator with sliding mode control for magneti-
cally actuated helical microswimmers. Although their approach
achieves accurate path tracking, it is not directly applicable to our
setting as it requires more training data than we can collect for
each individual cellbot.

In this article, we propose a framework for precise path tracking
of magnetically actuated cellbots. We build on our previous work
on data-driven μbot modeling [29] by developing MPC schemes
and estimators for dynamic disturbances using GP. A limitation
of our previous approach is the initial data collection phase,
which poses a collision risk in highly cluttered environments
due to model inaccuracies. In this article, by incorporating dis-
turbance estimation into the MPC framework, we combine the
advantages of both data-driven and model-based methods for
accurate path tracking. GPs are particularly well suited for this
task due to their ability to learn quickly from small datasets,

allowing for individualized retraining of models for each cellbot.
Additionally, the confidence intervals provided by GPs can be
further utilized to ensure system safety under dynamic uncer-
tainty. We conduct experiments with cellbots to demonstrate
the effectiveness of our approach in real-world biological scenar-
ios. While similar approaches have been used for larger-scale
robotic systems, to the best of our knowledge, this is the first
approach to utilize MPC enhanced with data-driven modeling
for cellbot control.

The remainder of this article is organized as follows. In Section 2,
we provide a brief overview of GPs. The problem formulation and
an outline of our approach are given in Section 3. Our technical
solution is presented in Section 4. Section 5 shows the experimen-
tal results with a cellbot. Finally, in Section 6, we conclude with
discussions and potential directions for future work.

2 | Mathematical Preliminaries

In this section, we provide some background on GPs. Following
[30], a GP is a stochastic process that generalizes the concept of a
Gaussian distribution to a function space. Formally, a GP is an
infinite collection of random variables, any finite number of
which have a joint Gaussian distribution. A GP yðxÞ is completely

described by itsmean mðxÞ and covariance kðx, x0 Þ functions. We
denote a GP using the compact form

yðxÞ � GP
�
mðxÞ, kðx, x0 Þ� (1)

In this article, the feature vector x corresponds to the state and
control variables of the cellbot (described in Section 3), while the
function yðxÞ captures the unmodeled dynamics and stochastic
disturbances acting on the cellbot. We consider a zero-mean
(mðxÞ= 0) GP with noiseless observations, which is not restric-
tive in general [30].

The shape of the GP is completely defined by the covariance

function kðx, x0 Þ, which measures the distance between two fea-
tures. Furthermore, we can construct a covariance matrix K,
where each entry kij = kðxi, xjÞ and i, j index the observations.
Finally, by construction, we can predict the probability distribu-
tion of any finite number of disturbances y∗ from predicted

FIGURE 1 | (a) Microscope photo of a cellbot, showing μbots (black disks) inside a cell. (b) The experimental setup used for cellbot control.
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values of x∗ given finitely many noiseless observations of
x and yðxÞ, i.e.,

y
y∗

� � eN 0,
K x, xð Þ K x, x∗ð Þ
K x∗, xð Þ K x∗, x∗ð Þ

� �� �
(2)

The distribution of y∗ conditioned on our previous observations
and x∗ is

ℙ y∗ð jx∗, x, yÞ=N K x∗, xð ÞK x, xð Þ− 1y, K x∗, x∗ð Þð
−K x∗, xð ÞK x, xð Þ− 1K x, x∗ð ÞÞ (3)

which is a probability distribution over the unmodeled dynamics
and disturbances y∗ at a predicted value of x∗ based on historical
observations of y, x.

3 | Problem Formulation and Approach

This work focuses on steering a cellbot to track a desired trajec-
tory by manipulating a magnetic field using an MPC framework.
The experimental setup is shown in Figure 1b (see Section 5.1 for
details). An example of a cellbot is shown in Figure 1a. A cellbot
is created by injecting magnetically actuated μbots into the cell.
These robots are controlled entirely through an external mag-
netic field. The velocity magnitude of each μbot is determined
by the oscillation frequency of the magnetic field, denoted by
f, and its heading (direction of motion) is determined by the ori-
entation of the magnetic field, denoted by α. We make the fol-
lowing assumption:

Assumption 1. The cells are mechanically coupled with the
inserted μbots.

Under the above assumption, a cellbot behaves as a rigid body
with a heading, which is determined by the arrangement of
the μbots inside the cell.

Based on our experimental results and earlier studies [21], we
also make the following assumption:

Assumption 2. Cellbots align instantaneously and perfectly
with the magnetic field.

The embedded μbots are polystyrene microspheres with a thin,
half-coated nickel shell. The nickel layer is a thin film deposited
on only one hemisphere. Note that the total nickel content is well
below the 3%–10% weight percent threshold required for a
nickel–polystyrene composite to exhibit ferromagnetic behavior.
Consequently, the particles are paramagnetic andmagnetize only
in the presence of an applied field. Reported saturation magne-
tization values for nickel-coated polystyrene particles range from
approximately 1.8 to 8.9 emu/g depending on shell thickness and
chemistry [31, 32]. Since the μbots carry no remanent magneti-
zation, their magnetic moment aligns with the external field
direction at each instant.

Based on the above assumptions, we model the cellbot as a
unicycle, in which the heading angle can be instantaneously con-
trolled, and which is subject to a generalized disturbance [17]

ṗ= a0f ðtÞ sin ðαðtÞÞ
cos ðαðtÞÞ

� �
+DðtÞ (4)

where p ∈ R2, a0 ∈ R≥0, denote the position of the center of the
cellbot and effective radius of rotation, respectively. The term
D ∈ R2 models the disturbance, capturing unmodeled dynamics
such as Brownian motion, which is prevalent at the microscale.
Essentially, a0f determines the forward speed and α sets the direc-
tion. In (4), the control inputs are f and α. Using Euler integra-
tion, a discrete-time version of the dynamics can be written as

pt+ 1 =pt +
�
a0f t

sin αt
cos αt

� �
+Dt

	
Δt (5)

where pt , f t , αt , and Δt denote the position, frequency, heading
angle, and time-step size, respectively.

Problem 1. Given a cellbot with dynamics described by
Equation (4), a reference trajectory described as a finite set of
waypoints r0∶T − 1 = fr0, r1, : : : , rT − 1g, where rt ∈ R2 denotes
the waypoint at (discrete) time t, t= 0, : : :T − 1 for a given time
horizon T. Our goal is to minimize the following cost function

min
f 0∶T − 1, α0∶T − 1,p0∶T

P
T − 1
t = 0 γtðpt − rtÞTQðpt − rtÞ+Rf 2tð Þ

subject to 0 ≤ f t ≤ fmax,

pt+ 1 =pt +
�
a0f t½sin αt , cos αt�T +Dt

	
Δt

(6)

In other words, we aim for the robot to follow rt while regulating
the frequency and adhering to the dynamics in (5).

In (6), Q ∈ R2× 2 and R ∈ R denote the weighting matrix and
positive scalar, respectively, that balance tracking accuracy
against frequency regulation. The term fmax specifies the maxi-
mum allowable frequency. We introduce a discount factor γ to
reduce the influence of future predictions on current actions
as these predictions become increasingly uncertain due to system
stochasticity. Finally, in (6), we penalize f to encourage path
tracking at lower frequencies, thereby avoiding the excitation
of high-frequency disturbances.

We propose the following assumption to simplify the disturbance
estimation:

Assumption 3. The environmental disturbance D and any
error in our model of the true dynamics (4) are isotropic, i.e.,
they are not a function of the cellbot’s position p.

This assumption implies that the disturbance depends only on
the magnitude and direction of the cellbots’ velocity, suggesting
that the dominant disturbance terms are drag forces. Our results
in this article, along with our earlier work [29], support this
assumption. While it is possible to model the disturbance as a
function of additional variables (e.g., position), doing so would
significantly increase the state-space dimension and require
more extensive data collection. We model the disturbance as a
function of frequency and heading angle (i.e., Dðα, f Þ).

Our proposed approach is shown in Figure 2. First, during the
initial learning phase, we collect data consisting of the pairs

Advanced Robotics Research, 2026 3 of 9
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ðṗ, f , αÞ. Using these data, we estimate a0 in the dynamics model
(4) through linear regression. Next, we utilize the GP to learn the
error between the unicycle model and the collected data. MPC is
then adopted to derive the control action, minimizing the cost func-
tion (6) over the time horizon T using the GP-enhanced model.

To validate our approach, we consider two case studies:

1. Obstacle-free environment: We evaluate the algorithm’s
performance in an open space by tracking a Lemniscate of
Bernoulli trajectory.

2. Cluttered environment: We evaluate the performance in
a more realistic setting by considering a cluttered environ-
ment with real cells. A motion planner is used to generate
an obstacle-free path tracked by our controller.

4 | Model Predictive Control With Gaussian
Process Disturbance Estimator

4.1 | Disturbance Estimation With
Gaussian Process

The system dynamics (4) is nonlinear in α, which makes the
above optimization problem nonconvex. To reduce computa-
tional complexity, we transform the system from polar to
Cartesian coordinates using u= ½ux , uy�T = ½f cos ðαÞ, f sin ðαÞ�T

ṗ= a0
ux
uy

� �
+Dðα, f Þ= a0u+Dðα, f Þ (7)

Note that in (7), u can be mapped to f and α as

f =
ffiffiffiffiffiffiffiffiffi
uTu

p
, α= atan2ðuy,uxÞ (8)

According to Assumption 2, the coordinate transformation does
not introduce any kinematic constraints (like the minimum turn-
ing radius) since the electrical system for varying the magnetic
field responds instantaneously.

In this section, we describe our approach for estimatingD and a0.
We train the GP during an initial learning phase, where the cell-
bot is given a sequence of control inputs, either from a human
operator or a predefined path. The learning phase occurs in the
same environment and with the same robot as the experiment;

thus, the training and testing environments are consistent.
Position data (P = f½pxðtkÞ, pyðtkÞ�Tg) and control action data

(X = fðαðtkÞ, f ðtkÞÞg) are recorded at discrete intervals. We derive
the cellbot velocity (V = f½vxðtkÞ, vyðtkÞ�Tg) by numerical differen-

tiation and low-pass filtering of P. Based on the dynamics, we do
a linear regression separately for the x and y axes

vx =ba0,xux + bDc,x ,
vy =ba0,yuy + bDc,y

(9)

Note that in (9), we assumed that bD is constant and
Dc = ½Dc,x ,Dc,y�T can be interpreted as the mean disturbance

value, as estimated by the linear regression model. We use linear
regression to estimate a0 by ba0 and utilize the GP to estimate the
model mismatch. Based on (9), we estimate a0 by

ba0 = 1ffiffiffi
2

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiba20,x +ba20,yq

(10)

Based on this estimation, we can rewrite the dynamics as follows

ṗ=ba0u+ ve (11)

We estimate ve, the model mismatch, from data using a GP. The
model mismatch ve consists of two components: The first is the
model uncertainty D in (4), and the second is the error in esti-
mating a0. Consequently, compared to the original dynamics, the
model mismatch is expressed as ve = ða0 −ba0Þu+D. The GP
essentially maps X to the observed error velocities denoted by
Y = fðvðtkÞ−ba0uðtkÞÞg.
We implement this approach similarly to [21], utilizing a linear
combination of the RBF kernel and a constant-scaled white noise
kernel, which effectively captures the velocity error. Our kernel
function can be formally expressed as

Kðx, x0 Þ=C exp −
jjx − x

0 jj2
2σ

� �
+ η

� �
(12)

where σ and C are length scale and constant scale hyperpara-
meters, and η is drawn from a normal distribution with zero
mean and variance as another hyperparameter.

4.2 | Model Predictive Control

To generate trajectories, we discretize the dynamics using Euler’s
method

pt+ 1 =pt +ba0Δtut +bveΔt (13)

where pt , ut , bve, andΔt are the position, control, estimation of the
model mismatch by the GP, and time step, respectively.

By rewriting (6) for the discretized system, the control action at
each time step is derived from the following optimization problem

min
u0∶Th − 1,p0∶Th − 1

PTh − 1
t = 0 γtðpt − rtÞTQðpt − rtÞ+uT

t Rut½ �

subject to

pt =pt− 1 +ba0Δtut +bveΔt, t ∈ ½0,Th − 1�
umin ≤ ut ≤ umax, t ∈ ½0,Th − 1�

(14)

FIGURE 2 | Overview of the control framework: Initially, experimen-

tal data are collected offline to estimate â0 and train the GP for D̂. These

are then used in an MPC framework to model the system dynamics.

4 of 9 Advanced Robotics Research, 2026
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We estimate the disturbance using GP based on the current val-
ues of f and α, and keep the estimated disturbance bve constant
throughout the predictive horizon. This approach simplifies
the optimization into a quadratic problem. However, this simpli-
fication reduces the accuracy of long-term prediction. The second
constraint captures the limit on f. We use this to define the range
within which the GP is trained to estimate disturbances.

5 | Results

5.1 | Experimental Setup

To form cellbots, we embed rolling microrobots [29] in Chinese
Hamster Ovary (CHO) cells. The cell culture components are
purchased from GIBCO. CHO cells are cultured in Dulbecco’s
Modified Essential Medium-F12 (DMEM-F12) with 10% fetal
bovine serum, 1% penicillin/streptomycin, 5% CO2, and incubated
at 37 °C. After washing with Dulbecco’s phosphate-buffered saline
and trypsinizing to detach, cells from the third passage are used.
CHO cells are seeded into a 35-mmPetri dish at a density of 1× 105

cells/dish and incubated for 24 h. Microrobots are dispersed in the
culture media and added to the Petri dish. After incubation, cells
are washed, trypsinized, and centrifuged to collect the cellbots. To
prevent the cellbots from sticking to the surface, they are sus-
pended in a 0.1% sodium dodecyl sulfate solution instead of DI
water. Although this increases viscosity and reduces rolling speed,
it significantly reduces surface adhesion.

In order to generate the magnetic fields necessary to actuate the
cellbot, six Helmholtz coils are designed and arranged in parallel
pairs, as shown in Figure 1b. The coils are mounted on a Zeiss
Axiovert 100 inverted microscope. To power the coils, we use an
Arduino Mega microcontroller connected to a Jetson Xavier NX
single board A custom tracking and control program is written in
Python to read incoming images from a FLIR BFS-U3-28S5M-C
USB 3.1 Blackfly S Monochrome Camera. The continuous stream
of images is analyzed in Python’s OpenCV library, which is used
to extract position and velocity data for the cellbot.

These action/input commands are converted to a 3D rotatingmag-
netic field. Because current is proportional to the magnetic field
generated from electromagnets, the magnetic field B= ½Bx ,By,Bz�T
is mapped to the heading, attitude, and frequency signals via

B=

cos ðγÞ cos ðαÞ cos ð2πf tÞ+ sin ðαÞ sin ð2πf tÞ
− cos ðγÞ sin ðαÞ cos ð2πf tÞ+ cos ðαÞ sin ð2πf tÞ
sin ðγÞ cos ð2πf tÞ

2
64

3
75

where γ ∈ ½− π, π� is a fixed attitude. The angles and coordinate
system are shown in Figure 3.

5.2 | Experiment

First, we collect data during an initial training phase to learn the
disturbance experienced by the robot in the environment. We
collect experimental data within the frequency range 0 ≤ f ≤
5Hz with increments of 1 Hz, and angular range 0 ≤ α ≤ 2π with
increments of 1°. We call this circular training dataset since when

the frequency is fixed, the robot moves in a circular path, and the
radius of the circle changes with the frequency. The videos of the
experiments, along with Supporting Information, are available
online.1 Note that we perform training and testing in the same
environment. Thus, we do not consider issues that may arise
from policy transfer or environmental inconsistency.

We train two separate GPs to estimate the model mismatch in the
x and y directions, both using the kernel function defined in (12) .
To evaluate the effectiveness of our approach, we compared the
GP-enhanced model against the actual collected data and a base-
line linear model without the GP disturbance estimator, as
shown in Figure 4. The GP models effectively captured distur-
bance behavior, leading to a significant enhancement in the
accuracy of the linear model.

In our experiments, we set Q= I, R= 0.01× I, Δt= 0.1, and a pre-
diction horizon Th = 4, where I denotes the identity matrix. The
desired trajectory for this case study is a Lemniscate of Bernoulli
path, as shown in Figure 5a. The desired and actual trajectories
are represented by gray and red curves, respectively. Our
approach successfully tracks the desired trajectory with high
accuracy. In the same figure, we compare our method with a
naive MPC approach that does not utilize the GP disturbance
estimator. As shown, our approach tracks the desired trajectory
more smoothly and more accurately. It achieves a 14% reduction
in the 2-norm mean tracking error and a 28% reduction in the
maximum deviation (2-norm error) from the desired trajectory.

We also plot our model’s predictions in Figure 6a. In some areas,
the GP disturbance prediction closely aligns with the linear model.
This indicates that the MPC controller drives the system into α and
f pairs that were not observed in the training data due to sampling
only integer frequencies in the circular training dataset.

5.3 | Iterative Learning

To improve tracking accuracy, we collect additional data (pairs of
(α, f , ṗ)) through an iterative process [33]. We use MPC with a GP
disturbance estimator to track the desired trajectory, which in
our case study is the Lemniscate of Bernoulli. All data points
not observed in the initial circular dataset are then augmented

FIGURE 3 | Schematic illustrating the magnetic field B with angles α

and γ in XYZ coordinates.
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in the new training dataset. This process can be repeated to
explore the control space more effectively. We found that per-
forming this process just once significantly improves both our
model’s performance and tracking accuracy, as shown in
Figure 6b. Note that circular training alone provides sufficient
accuracy for navigation in the environment. However, incorpo-
rating this iterative process further improves accuracy, enabling
the cellbots to more reliably track the desired trajectory.

In Figure 5b, the trajectories after the first and iterative training
are shown in red and blue, respectively. The snapshots of the real
system are shown in Figure 7. After iterative training, our
approach tracks the desired trajectory more accurately, with
reduced deviation. To evaluate the performance of the GP, we
compare the mean absolute error (MAE) of the learned model
with that of the linear model, as shown in Table 1. After iterative
training, the GP reduces the modeling error by approximately
60%. Additionally, we present the output of our learned model
with confidence intervals alongside the actual velocity in
Figure 6a,b, corresponding to the first training and after iterative
training, respectively. After the final training, the learned model
closely predicts the observed velocity. The actual velocity is

within one standard deviation 56% of the time and within two
standard deviations 86% of the time. Based on this, we can con-
clude that the Gaussian distribution is a close approximation for
D, but it tends to under-approximate (e.g., 86% vs. 96% for ± 2
standard deviations). These results demonstrate the effectiveness
of the training dataset and indicate that the disturbances experi-
enced by the cellbots during testing closely resemble those
encountered in the training data.

To demonstrate the effectiveness of our approach in real biomed-
ical scenarios, we evaluated its performance in a cluttered envi-
ronment with other CHO cells acting as obstacles. We use RRT∗

[34] for path planning to generate a reference trajectory, which
our controller then follows. The positions of the obstacle cells and
the cellbot are extracted using OpenCV. As shown in Figure 8,
our controller accurately tracks the reference trajectory with a
mean error of 6 μm while successfully avoiding obstacles.

Although the confidence bounds provided by GPs have not yet
been integrated into our framework, it offers a potential avenue
to be combined in robust MPC frameworks such as robust [35] or
tube-based [36] MPC.

FIGURE 4 | Comparison between the learned model, the experimental data, and the linear model with GP disturbance. The left and right panels

correspond to the x- and y-directional velocity components, respectively. The green curves represent the experimentally measured velocities (in μm/s).

The red and blue curves correspond to the linear model with the GP disturbance estimator and the GP estimator, respectively. The light and dark

gray-shaded regions indicate the uncertainty bounds corresponding to one (65%) and two (95%) standard deviations around the model mean. The

inset plots provide a magnified view of the time interval between 40 and 45 s, presenting a more detailed comparison of the model performance against

the experimental data within this range.

FIGURE 5 | Trajectories after circular (a) and iterative (b) training. In (b), the inset zoom in on the lower left shows a closer look at the differences in

the trajectories.
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5.4 | Controller Robustness to Cellbot
Configuration Variability

Since the endocytosis of μbots is inherently stochastic, each cell-
bot differs in the number and arrangement of internalized μbots,
which in turn affects both a0 and Dðα, f Þ in our model (4) . Our
framework addresses this by treating each cellbot as an individ-
ual system: The linear regression in Equations (9) – (11) estimates

ba0, and the GP learns bve from a short circular training sequence,
absorbing configuration-specific dynamics into the learned
model. The sample efficiency of GPs makes this per-cellbot cali-
bration practical, unlike methods requiring large training data-
sets for deep neural networks [28].

To empirically support this claim, we analyze data collected from
three different cellbots used throughout the course of this study.
These cellbots are prepared in independent experiments and
exhibit visibly different μbot loadings under the microscope. For
each cellbot, we execute the same training protocol described.
Table 2 reports the estimated ba0 and the resulting trajectory track-
ing error of Lemniscate of Bernoulli for each cellbot. Despite sub-
stantial variation in ba0 across cellbots, the GP-augmented MPC
achieves consistent post-training tracking errors in all cases.
This indicates that the framework reliably adapts to the specific
dynamics of each cellbot, and that repeatability is achieved not
by uniformity of the underlying robots, but by the per-cellbot cali-
bration built into the pipeline.

FIGURE 6 | Model predictions after the circular (a) and iterative training (b), respectively. The top and bottom graphs correspond to the x and y

directions, respectively. Iterative training noticeably enhances the model’s accuracy. We used the same color coding as in Figure 4.

FIGURE 7 | Snapshots from an experiment showing the cellbot tracking a Lemniscate of Bernoulli trajectory. The square highlights the cellbot

suspended in the aqueous solution. The history of the cellbot’s movement is overlaid. The blue and gray curves represent the actual and desired trajec-

tories, respectively.

TABLE 1 | MAEs for the cellbot experiments and comparison of

improvements relative to the baseline (MPC with GP disturbance

estimator). The numbers in parentheses indicate the percentage

improvement over the baseline.

Axis
MPC

(baseline)
Circular
training

Iterative
training

x axis 9.64 μm·s−1 7.93 μm·s−1 (18%) 3.84 μm·s−1 (60%)

y axis 10.18 μm·s−1 10.07 μm·s−1 (1%) 3.93 μm·s−1 (61%)
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We further note that as the number of internalized μbots
increases or their geometry becomes less symmetric, the variance
of the disturbance D increases and may become dependent on
internal states that are difficult to measure (e.g., the relative
orientation and position of each individual μbot). Our experi-
ments included cellbots up to four embedded μbots, and the
GP-augmented MPC successfully handled these variations.

6 | Conclusion

This article presents a control framework for cellbots that inte-
grates MPC with GPs for disturbance estimation. Our approach
addresses the challenges of controlling a cellbot in the presence
of disturbances. By leveraging GP, we obtain accurate distur-
bance estimates with a relatively small amount of data. The effec-
tiveness of GP allows us to retrain the model for different cellbots
without requiring significant computing power. This approach
combines the strengths of data-driven modeling with the robust-
ness of model-based control, offering a practical solution for the
precise and reliable control of microrobots. Our experimental
results demonstrate that the proposed framework effectively mit-
igates disturbances and improves path tracking accuracy.

Future work will involve using the GP-provided confidence
intervals in planning algorithms with tube-based MPC to

enhance robot safety. A key direction is extending our hybrid
optimization-and-learning framework to the multi-robot set-
ting, where a shared global magnetic field must coordinate
the motion of a team of μbots. Multi-robot coordination would
significantly broaden the applicability of our approach to bio-
medically relevant tasks such as collective cell delivery and
parallel manipulation within organoid cultures.
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