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Abstract—Ethorobotics, the study of animal-robot interac-
tions, has advanced behavioral research by enabling controlled,
repeatable experiments through the use of biomimetic robotic
agents. Existing platforms, however, often lack flexibility, scalabil-
ity, and computational tools for in-silico experimentation, limiting
their easy deployment across diverse experimental configurations.
Here, we introduce MagTile, a modular and scalable platform
for controlling ensembles of electromagnetically actuated agents.
Our design utilizes standard components and 3-D-printed parts,
enabling multiagent actuation without the need for complex
onboard electronics. We formulate a mathematical model of
MagTile and analyze its convergence properties using Lyapunov
stability theory. The model serves as the foundation for establish-
ing a computational framework, facilitating simulation, testing,
and optimization of experimental conditions prior to physical
deployment, thereby improving efficiency and reducing trial-and-
error experimentation. The effectiveness of our platform was
validated through a series of illustrative experiments showcasing
multiagent coordination, vision-based collision avoidance, and
collective behavior using biomimetic fish.

Index Terms—Electromagnetic actuation, ethorobotics, feed-
back control, multiagent systems (MASs).

I. INTRODUCTION

ULTIAGENT systems (MASs) consist of interacting

agents that cooperate to achieve shared objectives
through emergent behaviors [1], [2], [3]. They have been
applied across a wide range of engineering domains, including
cooperative robotics [4], distributed sensing [5], and intelligent
transportation systems [6]. Despite their broad applicability,
MAS face critical challenges across control, communication,
and actuation layers [7]. Designing scalable, decentralized
control strategies remains a fundamental difficulty, partic-
ularly in the absence of a central coordinator. Common
tasks such as multiagent path planning and coordination
require efficient distributed solutions, and recent advances have
leveraged decentralized control and reinforcement learning to
address these problems [8]. In addition, limited bandwidth and
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unreliable communication demand robust distributed proto-
cols, while mapping high-level coordination goals to physical
motion is especially challenging in constrained environments.
These challenges are further compounded when MAS are
deployed in the physical world, where sensing noise, actu-
ation delays, and dynamic environments introduce additional
complexity.

Nature offers a rich source of inspiration for devis-
ing solutions that overcome the challenges faced in
engineered MASs. Complex collective behaviors observed
in animal groups, such as fish schools, bird flocks, and
insect swarms, demonstrate scalable, robust coordination with-
out centralized control [9]. These biological systems have
inspired a range of bio-inspired control algorithms for MAS,
with applications spanning autonomous robotics to distributed
sensing, network optimization, and behavioral research [10],
[11], [12]. While various MAS platforms have focused
on studying collective behavior with robotic swarms [13],
[14], [15], [16], [17], a specialized class of systems has
been designed specifically to investigate animal-robot inter-
actions, establishing the foundation of the emerging field of
ethorobotics.

Ethorobotics is an interdisciplinary area integrating ethology
and robotics to study animal behavior via biomimetic robotic
agents [18], [19], [20], [21]. These systems enable controlled,
repeatable interactions that can help uncover the principles
of animal locomotor control giving rise to complex behavior
such as collective decision-making, social coordination, and
behavioral dynamics [19], [22], [23], [24]. Specifically, by
systematically engineering social interactions, we can probe
how animal collectives integrate multiple sensory modalities
(vision, lateral-line cues, and olfaction) to navigate com-
plex environments. This is particularly important to help
address MAS challenges, as in animal groups, information is
exchanged through passive channels (motion signatures, spa-
tial configurations, and medium-mediated disturbances) rather
than wireless communications. Quantifying these feedback
pathways can help understand how local perception-response
rules scale into robust, decentralized control strategies.

To translate biological insights into testable mechanisms, we
require experimental platforms that provide control, repeata-
bility, and measurable perturbations of the interaction rules.
Unlike traditional observation-based methods, robotic agents
can be precisely engineered to replicate specific behavioral
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patterns and morphologies, allowing researchers to systemat-
ically isolate and analyze the effect of variables of interest.
For instance, Bonnet et al. [25] developed an interspecies
biohybrid system where robotic agents facilitated informa-
tion transfer between honeybees and zebrafish despite being
in separate environments. The platform utilized a wheeled
mobile robot that controlled a fish lure via magnetic coupling.
Honeybees, housed in a silicon oil-coated plexiglass arena,
interacted with two stationary bee robots, which provided
a binary aggregation choice. Both experimental setups were
computer-controlled in a closed-loop system to enable remote
interactions. Wheeled robots have also been used to study
social behavior and empathy in rodents. Quinn et al. [26]
demonstrated that rats could distinguish between a socially
responsive robot and an asocial, randomly moving one, pref-
erentially releasing the former from a restrainer. These findings
support the growing use of robotic agents in rodent research
on social and emotional behavior [27], [28]. Swain et al.
[29] proposed a cyber-physical robotic system that utilized
real-time feedback control to study fish schooling behavior.
A magnetically coupled fish replica, actuated by a wheeled
robot beneath the tank, received video-based position feedback
from an overhead camera, allowing it to respond to live
fish movements. Similar platforms, each utilizing a single
robotic agent, have been developed to investigate the role of
biomimicry in eliciting social behavior. Landgraf et al. [30]
examined the degree of realistic eye features necessary to
trigger social responses in guppies. In contrast, more recent
work utilized cartesian robotic systems positioned beneath a
tank to control a fish replica in order to study how fish size and
morphology affect social interaction [31]. This platform has
also been used to explore closed-loop strategies informed by
mathematical models of fish [32]. Moreover, recent approaches
use flexible magnetic skeletons to enable locomotion of a
single agent via external magnetic fields [33].

While existing platforms provide a promising approach
for studying animal-robot interactions, they still suffer from
scalability and flexibility, both of which are critical for
accommodating a wide range of experimental designs.
In fact, existing solutions based on Cartesian robotic systems
cannot be scaled beyond a single agent due to the mechanical
constraints of the 2-D gantry structure [31]. While approaches
based on magnetic skeletons [33] require animals to swim
within strong magnetic fields, which can interfere with their
sensory-based navigation and compromise the validity of
behavioral observations [34]. In addition, these systems also
lack scalability, as they are limited to controlling a single
individual. Finally, wheeled robot-based systems can, in prin-
ciple, control multiple agents; however, they typically involve
numerous mechanical components, onboard sensors, and bat-
tery systems that require frequent maintenance and recharging.
These factors increase system complexity and reduce modular-
ity compared to fixed actuation platforms. Moreover, mobile
robots require sufficient space to move freely, which becomes
a significant constraint when conducting experiments with live
animals such as fish, as the experimental setup must maintain
a safe distance between the observation arenas and the mobile
robots. To advance ethorobotics research, several technical
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challenges must be addressed toward developing flexible and
scalable platforms.

First, experiments involving live animals require adapt-
able setups that vary based on the size and shape of the
experimental arenas. For example, in fish behavioral stud-
ies, different experimental paradigms necessitate specific tank
configurations: rectangular (or circular) tanks are often used
for novel environment tests [35], while T-shaped tanks are
employed for T-maze tasks to assess spatial learning and
decision-making [36]. A versatile platform should be
capable of adapting to diverse experimental environments
without requiring extensive modifications. Second, existing
ethorobotics platforms are typically limited to controlling a
single robotic agent. They rely on cartesian robots that can
only actuate a single agent [31], [32] or would require complex
mobile robotic designs [29], making multiagent control chal-
lenging. Developing a scalable and flexible platform capable of
simultaneously actuating multiple agents would significantly
expand the scope of collective behavior studies and inter-
active multiagent experiments. Third, current platforms lack
computational tools for in-silico experimentation, preventing
researchers from simulating and optimizing experimental con-
ditions before physical deployment. While physical testing
without live animals can help verify platform functionality, it is
often time-consuming and impractical for extensive optimiza-
tion. Computational modeling provides an efficient alternative,
allowing us to systematically test and refine control strategies,
explore a wide range of conditions, and preemptively iden-
tify potential issues. Notably, this approach aligns with the
principles of the three Rs (refine, reduce, replace) [37] by
minimizing unnecessary physical trials and ensuring that live
animal experiments are conducted when the platform is fully
validated only.

In this work, we seek to address these technical challenges
by introducing a simple yet effective architecture for control-
ling ensembles of electromagnetically actuated payloads or
agents through a scalable tile-based system (here, the terms
payload and agent will be used interchangeably). Each tile
contains solenoids that generate magnetic forces capable of
moving payloads and are designed for flexible interconnection,
allowing the tiles to adapt to different surface areas. Our
approach circumvents the need for complex onboard control
systems or sophisticated mechanical components by leveraging
simple mechanical designs and 3-D-printed parts. Our platform
enables the concurrent control of multiple agents, offering
novel possibilities for multiagent experiments and comple-
menting existing behavioral paradigms based on cartesian and
mobile robots [29], [31], [32]. In this article, scalability refers
to the ability to increase the number of simultaneously con-
trolled agents and the total actuation workspace area supported
by the platform. Flexibility refers to the ability to reconfigure
the workspace geometry and surface area by rearranging the
modular tile layout.

The contributions of this work are threefold.

1) We introduce a modular architecture enabling the control
of multiple agents. Unlike existing platforms that require
customized mechanical designs for each agent, our
solution relies on standardized off-the-shelf components
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Fig. 1. Illustration of the MagTile design. (a) Overview of the system architecture. (b) Picture of a single tile consisting of nine solenoids and a PCB control
board with pinouts to facilitate tile stacking. The enclosure is housed in a 3-D-printed case.

and 3-D-printed parts. This could reduce implementation
costs while enabling scalability for large ensembles of
agents. In addition, the system design is publicly avail-
able, reproducible, and easily customizable for various
experimental needs.

We develop a mathematical model of the robotic
platform by representing the interaction between the
solenoid and a disk magnet payload using pairs of
fictitious magnetic monopoles with equal magnitude but
opposite polarity. This formulation resulted in a non-
linear state-space model, which we analyzed using Lya-
punov stability theory [38] to assess the system behavior
and performance as a function of physical parameters.
We establish a computational framework for simulating,
testing, and optimizing experimental conditions prior
to physical deployment. This framework is built upon
the mathematical model of the platform and integrates
a feedback control strategy to guarantee agents track
reference trajectories in real-time. In our formulation,
the operational space of the robot is represented
as a graph, where vertices denote the locations of
the solenoids and edges correspond to their nearest
neighbors, forming a grid-like topology. The feedback
control algorithm is based on Dijkstra’s algorithm,
which provides a correction path toward the reference
trajectory after a perturbation has occurred. Feedback is
implemented through vision-based tracking, where an
overhead camera continuously monitors agent positions
using computer vision algorithms.

The rest of the article is organized as follows. Section II
describes the platform design and overall system architecture.
Section III presents the mathematical modeling and analysis.
Section IV details the computational implementation and
feedback control strategy. Finally, Section V validates the
effectiveness of the proposed platform through a series of
representative experiments.

2)

3)

II. SYSTEM ARCHITECTURE AND DESIGN

The MagTile platform is composed of: 1) a modular actua-
tion system; 2) multiagent tracking for vision-based feedback;

and 3) computer-based control, as depicted in Fig. 1. Central
to this architecture is the electromagnetic actuation sys-
tem, where solenoids generate magnetic forces to manipulate
payloads. The modular design enables flexible interconnec-
tion, allowing easy adaptation to different surface areas.
An I’C communication protocol was utilized for real-time
coordination between tiles through an Arduino host controller.
Our design enables concurrent control of each tile, allowing
for precise manipulation of agents. Here, we consider the
agents to be a group of m disk magnets as they can easily
be utilized to actuate biomimetic replicas [25], [29], [30],
[31]. Each agent’s position is defined in a 2-D coordinate
space as (x;(?),y;(t)) for t > 0, where i € {l1,2,...,m}.
These positions are sampled at discrete time intervals T (s),
producing a sequence of measurements (x;(kT),y;(kT)) for
k €{0,1,2,...,}, obtained via the multiagent tracking algo-
rithm. Finally, the feedback controller guarantees the m agents
track their reference trajectories, (x(kT),y;(kT)), in real-
time, compensating for potential disturbances and avoiding
collisions with other agents.

A. Tile Design

Each tile is composed of a 3-D-printed case designed to
hold nine solenoids arranged in a 3 X 3 array. The pinouts
are designed to support modular assembly, allowing tiles to be
daisy-chained in both vertical and horizontal configurations,
provided they maintain a uniform orientation. The actuation
control is managed by the PCA9685 I’C driver from NXP
Semiconductor. This IC provides 16 synchronized 12-bit pulse
with modulation (PWM) outputs, with a variable frequency
range from 24 to 1526 Hz, and an I?C interface supporting
up to 62 unique addresses, configurable via six address bits.
The first nine PWM output channels are routed to N-channel
MOSFETs, which serve as low-side switches for actuating the
nine solenoids mounted on the tile. The tenth output channel
is allocated to an upward-facing LED, functioning as a visual
diagnostic indicator for testing and debugging. Each tile’s I?C
address is physically assigned via a six-position DIP switch
integrated into the PCB. Additionally, the printed circuit board
(PCB) incorporates parallel I/O headers for system integration.
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B. Multiagent Tracking

A vision-based tracking system is utilized to obtain the
agent’s centroid coordinates using an overhead camera. Each
agent is uniquely identified by a color. The tracking pipeline is
implemented in Python 3, utilizing OpenCV for video acquisi-
tion and image processing, NumPy for data manipulation, and
Redis for real-time inter-process communication [39], [40].
The video stream is cropped to a predefined region of interest
prior to tracking. To identify agents, color segmentation is
first applied using predefined upper and lower bounds in the
RGB color space. Pixels that fall within these bounds are
isolated into binary masks, where white regions correspond to
detected agents and black regions represent the background.
Due to the sensitivity of certain colors (i.e., red) to lighting
variations, detection can instead be performed in the hue,
saturation, value (HSV) color space for improved robustness.
Following color-based segmentation, contours corresponding
to white regions in the binary mask are extracted. To eliminate
noise and irrelevant features, a surface-area filter is applied:
contours with areas outside predefined bounds are discarded.
The remaining contours are treated as valid agent detections.
For each detected contour, a bounding box is computed, and
its geometric centroid is extracted. These pixel-based centroids
are then mapped to real-world Cartesian coordinates using a
calibrated pixel-to-centimeter scaling factor.

C. Feedback Control Design

The main goal of the feedback controller is to actuate
magnetic payloads and move them along predefined reference
trajectories while ensuring collision avoidance and robustness
to external perturbations. Specifically, each reference trajectory
(x](kT),yi(kT)) is defined as a sequence of solenoid positions
that define the intended path for each agent. We model the
MagTile workspace as an undirected graph ¢ := (S,¢&),
where the vertices S correspond to solenoids, and the edges £
define the possible transitions between neighboring solenoids.
Each node in the graph is connected to its eight nearest
neighbors (four cardinal and four diagonal directions), forming
a structured grid topology. The edge weights correspond to the
Euclidean distance defined by d,, between connected nodes
(p,q) € £, with diagonal movements assigned higher weights
than cardinal movements. In particular, the topology of the
graph ¥ is represented by the weighted adjacency matrix
A = [ap,], defined as follows [41]:

dpg, if (p,q) €&

oo, otherwise.

Apg = €))
To ensure that each agent tracks its reference trajectory
X{ef(kT) = (x[(kT),y;(kT)), the feedback controller operates
in a mode-switching framework with three distinct control
actions.
1) Trajectory Tracking: Following the reference trajectory
XNKT).
2) Path Planning: Compute and follow an intermediate
path X,Pla"(kT) when direct tracking is infeasible.
3) Collision Avoidance: Adjusting movement to avoid
obstacles following X?bs(kT).
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In the trajectory tracking mode, agents follow a predefined
reference path composed of a sequence of solenoids. To do
so, agents must remain within the activation region of each
solenoid along the path. This activation region is defined
as a circular neighborhood of radius rp, within which the
actuation force overcomes friction to move the agent. If an
agent deviates from the activation region and no imminent
collisions with other agents are detected, a path planning
routine is invoked to guide the agent back to its reference
trajectory. Finally, to prevent agent interference, a collision
avoidance region of radius r. is defined around each agent.
We set r. = ry, so that actuation and interference constraints
operate on the same spatial scale. When another agent enters
this region, the controller switches to a collision avoidance
mode. Therefore, the overall control switching logic is given
by

X kT), if L;(kT)=0 A ¢;(kT) < ro
XPRU KT, if I;(KT) = 0 A ¢; (kT) > r 2)
XS (kT), if I; (kT) = 1

where ¢;(kT) denotes the instantaneous tracking error

e; (kT) = \/ (xi (kT = x; (kT))” + (i (KT) — y! (KT))’

and [;(kT) € {0, 1} is a binary indicator function that activates
obstacle avoidance when Agent i enters the collision avoidance
region of any other agent (i.e. I;(kT) = 1). The symbol A
denotes the logical AND operation. The trajectories defined
by X?bs(kT) can be generated using any obstacle avoidance
algorithm. In our experiments, we implemented a halting strat-
egy and also the method from [42]. Similarly, the trajectories
for X" (kT) can be determined using any path planning
algorithm [43], [44], [45]. In this work, we selected Dijkstra’s
algorithm [46], which computes the shortest path between
two points in the graph ¢. Notably, recent mathematical
efforts have established that Dijkstra’s algorithm is universally
optimal in terms of execution efficiency, as no alternative
algorithm can outperform it when implemented with an appro-
priately optimized heap [47].

III. MATHEMATICAL MODELING AND ANALYSIS
A. Model Derivation

1) Dipole Model: The solenoid and the disk magnet pay-
load can be seen as pairs of fictitious magnetic monopoles
with equal magnitudes but opposite polarity [48]. Specifically,
for the solenoid, we consider two magnetic monopoles +g;
separated by a small distance represented by the displacement
vector £, € R3. Similarly, for the disk magnet, we have mag-
netic monopoles +g, separated by a small distance £; € R>.
Throughout the article, the subscripts “s” and “d” denote
quantities related to the solenoid and disk magnet, respectively.
The displacement vectors £ and ¢, point from the minus to the
plus magnetic charge. This configuration results in the dipole
moments my := g.f; and my := g;€,.

Consider the solenoid and the payload centroids to be
located at coordinates X, = [X, V5,207 € R? and x; :=
(X4, Va4, 2a]T € R3, respectively as shown in Fig. 2(a) and (b).
Let #(x,y) € R? := (x — y)/Ix — y|| for all X,y € R? be the

Authorized licensed use limited to: Rutgers University. Downloaded on February 20,2026 at 19:31:20 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

SANKAR et al.: MagTile: A MODULAR PLATFORM FOR CONTROLLING ELECTROMAGNETICALLY ACTUATED AGENTS 5

Rigid surface

(4,94, 2d)
,,,,,,,,,,,,,,, Z

* Disk magnet Ei
Z X
2,

X
Tiles
(a)

Disk magnet ==
h

(w4, Ya, 2a)

(s, Ys, 2)

Solenoid

(b)

Fig. 2. Mathematical modeling of MagTile. (a) Magtile surface and disk magnet, with the magnet’s centroid described in the inertial reference frame X' -) - Z.
(b) Schematic of a single solenoid, highlighting the separation between the rigid surface and the solenoid. (c) Side view of the magnetic field approximation
based on the dipole model. White arrows represent the vector field direction, with red and blue indicating regions of high- and low-field intensity, respectively.

normalized displacement vector, then the magnetic flux density
of the solenoid and disk at any point in space x € R? can be
approximated as [48], [49]

B=— (Bo (my, X, X¢) + Bo (my, X, X))

where

B()(l’n, X, y) - (3(111 . f’(X, y)) f‘(x7 y)) _ m)

lIx — ylP?

and g is the vacuum permeability constant with unit (N-A=2).
This equation provides a far-field approximation of the mag-
netic field, as illustrated in Fig. 2(c).

2) Potential Energy of the Solenoid-Disk System: Given
that the disk is always separated from the solenoid by a plate
at a constant distance along the Z-axis, the potential energy
of the two dipoles with moments mg and myg is given by [50]

s - B (X5, Xg)) (my - r(xv,xd)))
47T||Xs - xqlP

3 i
U= o (my - my — (m

3)

Because the magnetic moment is primarily aligned about the
Z-axis, we have m; = [0,0,,]" and m,; = [0,0,a4]", with
a; and a4 being two positive constant parameters representing
the magnitude of each moment, respectively. Substituting these
vectors into (3) and after some algebraic manipulations yields

3poes @y
47rd
where r = ||x; — xy4]|.

3) State-Space Model: The disk magnet is a rigid body
whose centroid (x4, y;) movements are constrained to a plane
and can be described in a global inertial frame X — ) [S1].
Assuming all ng solenoids are identical, we propose to describe
the time evolution of the centroid dynamics of the agent
by solving the following pair of second-order differential
equations:

U=- (_(xs_xd)z_(yx_yd)z)

ng
mgxq (t) + daxq (t) = Z F (X4, Yas Xp, yp) 6 (1)
p=1

(4a)

maa (1) + dapa (t) = Y Fy (X, Yan Xpr ¥p) 8 (8).
p=1

(4b)

Here, d; represents a damping coefficient due to dry friction
between the disk and the surface, while my is the disk mass.
The terms F(xg4,ya, Xp,yp) and Fy(xq4,yq, Xp,yp) represent the
magnetic forces in the A’ and ) directions, respectively, due
to the pth solenoid centered at (x,,y,). The 6,(¢) function is
an activation term that captures the region of attraction of the
solenoid and is given by

5,00 = §1, if r, (1) < ro )

0, otherwise

where r,(t) = /(xa() — x,)> + (a(t) — y,)* + h* and
h:=zq — zp forall pefl,...,ng.

The magnetic force is given by [F,, Fy] = VU [49], [50],
where U is the potential energy function given in (3). Given
that & is maintained constant, we can establish

F. = 3upasay (1 _ Sh?

r; (I)) (Xd (t) - xp)

3upasay Sh?
F, = 1- H-y,).
T 4 () ( @) (a® = 37)
Next, letting v(f) = %4(¢) and v,(f) = y4(¢), equations in (4)
can be rewritten in state-space form as

47rr157 63)

Xa (D) = v (1) (6a)
Ya () = v, (®) (6b)
b (1) = =B () + Z G (r, (1) 2 (,,) o M D5, ) (6o)
b0 =B+ 036 () D5 0 6d)

=10)

p=1

where a := (Buoasag)/(4mmg) is a positive constant repre-
senting magnetic coupling strength, 8 := d;/m, is a rescaled
damping coefficient, and G(r,(t)) := 1 — 5h*/ra(1).

B. System Analysis

Theorem 3.1: Consider the system in (6), and assume that
only one solenoid is activated at each time. Let (x;, y;,z;) be
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the location of the active solenoid and 7 > 0 be an arbitrary
scaling constant with unit (s). If

7
0
72 (Sh2 - r(z))

then the desired equilibrium point (x;,ys,0,0) is asymptoti-
cally stable, and the region of attraction contains the set

ro< V5h, a> , B>0 (7

Q= {(xd,yd, vx,vy) | Ai + A)z, + 72 (v?C + vﬁ) < rg — hz}

where A, := x; — x5 and A, := y; — y,. Moreover, the function

1o 2 2,2 2
Vi= S (AT + AT 4+ 7 (0 + 1)
is a Lyapunov function that satisfies

VO VO e Vi>0

for all trajectories starting within Q, with a convergence rate

LT (Sh2 - r(z)) 1
> | -

Proof: Clearly, the compact set Q contains the desired
equilibrium point (x,,y,0,0). All other equilibrium points
of (6) belong to the set {(x4,y4,0,0) | A7 + A} = 4h%} and
thus cannot lie within Q, since the first inequality in (7) implies
= h? < 4h

Differentiating V along the trajectories of (6) yields (note
that 6, = O for all p # s):

V <A+ Ay = B (v + v})

5hE\ Ay + Ay,
2 XX yry
+T(Y(1—7)—r5

2 5/’12
< (Agve + Aywy) (1 + Tr—sa (1 - 7))
- ‘1'2,8 (v)zc + vg)

where r:= /A2 + A7 + h? satisfies r < 1 < V5h within Q
by the first inequality in (7). The last term —7°8(v; + v3) < 0

as 8,7 > 0. Moreover, Young’s inequality implies

A+A t(vi+v) 1
Ay, + Ay, < e + 3 = ;V
Substituting these inequalities into the Lyapunov derivative
yields ) ,
Vsl(w%(l—%))vzzkv. @®)
T r r

Then, V < 0 within Q, except at the equilibrium point, if ¥ < 0.
As r <ry < V5h, this is equivalent to

r7

> ———— 9
2 (5K - 12) 2
which is ensured by the second inequality in (7) as the right-
hand side is increasing in r.
Finally, combining (8) with Gronwall’s lemma shows that
V is exponentially converging within Q, with a rate

T (5h2 - r2) T (Sh2 - r(z)) 1

7 7
ry T

A>—k= —12
r T
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where the last inequality holds as the right-hand side is
decreasing in r and r < ry < V5h. [
Remark 3.1: Theorem 3.1 establishes sufficient conditions
on the model parameters @, 8, and & to ensure that the disk
magnet converges to the solenoid’s centroid after entering the
compact set Q. Intuitively, as the surface-to-solenoid distance
h increases, a stronger magnetic coupling « is required for
stabilization. Additionally, the free parameter 7 can be adjusted
to reduce conservativeness in the stability bound. This param-
eter regulates the allowable initial speed of the disk upon
entering : a higher 7 permits larger initial velocities, allowing
a weaker coupling a for stabilization, whereas a lower 7
restricts the initial speed, requiring a strong magnetic coupling.
Theorem 3.2: Consider the system in (6), with an active
solenoid located at (xg,Vs,2s). The transient behavior of the
payload in the vicinity of the equilibrium point (xy, yy, 0, 0) is
characterized by the largest eigenvalue of the Jacobian matrix,
given by
/lmax ((Y,ﬁ, h) = _g + % 1:_50
Proof: Linearizing the system in (6) around the equilibrium
point (x;,ys,0,0) yields the following Jacobian matrix:

0 0 1 0
0 0 0 1

B> - (10)

B
[ {23 _
agze g 0 o)
where

o

6xd

( )(2os
(12 (1) (22)
< )

of
6Xd

of _ (10PAN A, () S r = 5A
Ay rt r r? ¥ '

The eigenvalues of J evaluated at the equilibrium point are
given by 1 = —fB/2 + /B — 16a/h/2. As a,B,h > 0, all
eigenvalues have negative real parts, and thus the equilibrium
is a sink. Finally, transient behavior can be characterized by
the largest eigenvalue of J given by (10). [

Remark 3.2: Theorem 3.2 provides insights for experimental
characterization and tuning. Specifically, the system is under-
damped and will exhibit decaying oscillations for 84> < 16a.
As the distance & increases, Ay,x decreases, causing the system
to exhibit more oscillatory behavior. In contrast, no transient
oscillations will occur for 824 > 16a.

IV. COMPUTATIONAL IMPLEMENTATION AND VALIDATION
A. Model Calibration

We begin by discretizing equations in (6) using the forward
difference method. Given that only one solenoid is activated
at a time and that all solenoids are identical in design and
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Fig. 3. Model calibration and validation. (a) Time series of experimental data showing a payload being attracted to a single solenoid. Differently colored
solid lines represent nine different trials starting from the same initial condition. The red dashed line represents the numerical solution of our model using
calibrated parameters. (b) Box plots of the calibrated parameters after solving the optimization problem in (12). Each box plot reports the mean, first, and
third quartiles (blue/red boxes). (c) Absolute errors between the numerical solution and experimental data for the X and ) components. The dark blue and

red lines indicate the mean error across trials for each axis, £, and E,, respectively. The lighter blue and red shaded regions represent the corresponding

standard deviations.

placement relative to the workspace, we focus on a single
solenoid located at (xy, s, z5), yielding

Xy (k+ 1) T) = x4 (kT) + v (kT) T (11a)
ya ((k+ 1) T) = yg (KT) +v, (kKT) T (11b)
v (k+1)T) = v, (kT) - v, (kT) T
sh? \ xa (kT) - x5 ~
ﬂy(l_ri(kﬂ) 56T T (llc)
Vy ((k +1 ’7:) =Wy (k’f) =By (k’f) T
5k \ ya (KT) =y, ~
ﬂy(l_ri(kﬂ) 56T T (11d)

where T (s) is the sampling period and k € {0,1,..., N, — 1}
with N, being the total number of data samples collected.
Define Y, := [xg(kT), ya(kT), v (kT), vy(kT)] as the vector
of sampled data, and Gy(f) as the nonlinear vector func-
tion on the right-hand side of the equation set (11) with
h = 2.485 cm. This value was established by measuring the
distance from the solenoid to a plexiglass surface, which was
utilized in the experiments (see Section V). The function G(6)
encapsulates the unknown model parameters 6 := [a,8]", that
can be estimated via

Ny-1

b= argraggl; [Yis1 =G @] (12)

We collected data from a single solenoid starting from
the same initial position in space using a video camera
(GS3-U3-41C6NIR-C1, Teledyne FLIR LL) at 83 frames/s
so that T = 0.012 s. We conducted ten trials and tracked
the position of the disk-magnet using the algorithm described
in Section II-B. The data was postprocessed using a moving
average filter with a window of three samples. The time series
{xskTHY=) and {ys(kT)}R:, for the ten different trials are
shown in Fig. 3(a), represented by the multicolored solid lines.

Next, we used this data to solve the optimization problem
in (12) via the Nonlinear Optimization Toolbox in MATLAB.
Specifically, we utilized the Sequential Quadratic Program-
ming (SQP) algorithm [52] within the fmincon function.
For each trial, we obtained a pair of calibrated parameters.
The results are shown in Fig. 3(b), where the mean values
across trials are @ = 22042.797 and g = 15.549.

B. Model Validation

We numerically solved the system in (6) utilizing the
discretized equations in (11) with « = & and 8 = B. The
results are depicted in Fig. 3(a) as the red dashed line.
Note that the simulated system accurately reproduces the time
response, with a maximum overshoot at approximately 0.3 s.
The absolute error between the simulated trajectory and the
actual data of the ten trials is shown in Fig. 3(c), separately
for the X and )Y components. Note that, on average, the
error remains below 0.8 cm. To verify system stability, we
apply Theorem 3.1 using the calibrated constants @ and j
while selecting 7 = 1. Empirical observations indicated that
ro = 3.05 cm. Note that ry < V5h = 5.556 and B > 0.
Moreover, @ > r)/(5h* — r3) = 113.808, which confirms
all condition in (7) are satisfied. Consequently, convergence
to the equilibrium point (xy,yy,0,0) is guaranteed with an
exponential rate of 4 > 192.682. In addition, Theorem 3.2
implies that the system will exhibit decaying oscillations as
B*h° = 22910.033 < 16a = 352684.748. This theoretical
prediction is consistent with the experimental observations
in Fig. 3(a), where the system converges within the region
defined by ry and exhibits decaying oscillations toward the
equilibrium.

C. Model Simulation With Feedback Control

Using the calibrated model parameters derived from exper-
imental data, we numerically solve the nonlinear system
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Fig. 4. Computational results. (a) Two agents tracking their respective reference trajectories, shown as blue and green dashed lines, starting from different
initial conditions. Gray asterisks * indicate solenoid locations. (b) and (c) 2-D and 3-D representations of the time series depicting the agents’ trajectories as

they track their references.

in (6) via the forward difference method. We note that
more advanced numerical techniques, such as Runge—Kutta
methods [53], could be used as well.

Algorithm 1 Control Algorithm
1: while s <T,,/T do »T,,: total simulation time
>T: time between two samples (observations)
2: ty — (s—DT;+ 1
>Compute first simulation step ¢, in the current sample
>Ts: number of simulation steps between two samples
3: Sample — (x4(ts), ya(ts))

>Observe disk location
4: Ref,uRef «— COLLISIONAVOIDANCE(S ample, A)
>Input reference location. A: adjacency matrix
5: e — NORM(S ample, Ref)
>Compute tracking error
: if ¢ < ry then >rp: solenoid activation radius
7: u(ts,ty +Ts— 1) « uRef
>Choose tracking control if close enough

8: else
9: Node,uNode < CLOSESTSOLENOID(S ample)
>Compute closest solenoid to disk

10: Path,uPath «— SHORTESTPATH(Node, Ref)
>Compute control for shortest path to reference

11: if NORM(S ample, Path(2)) < ry then

12: u(ts, ty + Ty/2 — 1) « uPath(2)

13: u(ty + Ts/2,t; + Ty — 1) « uPath(3)

>Go to 2nd and 3rd solenoids in path if close enough
14: else
15: u(ty, ty +Ts/2 — 1) « uNode
16: u(ty + Ts/2,ts + Ty — 1) « uPath(2)

>Go to Ist and 2nd solenoids in path otherwise

17: end if
18: end if
19: end while

Additionally, we implemented the feedback controller
described in Section II-C following the operational logic
detailed in Algorithm 1. At each time step, the system sam-
ples the current positions of the agents, loads the reference
trajectories, and computes the control inputs that modulate
the magnetic forces. The selection of control action depends
on the instantaneous tracking error. If the agent’s current

position lies within the activation radius r( of the next solenoid
on its reference trajectory X[“’f, the controller proceeds with
direct trajectory tracking. If the tracking error exceeds ry and
no nearby agents are detected within the collision avoidance
radius, the controller switches to the path planning mode.
In this case, the function SHORTESTPATH(Node, Ref) is
invoked, where Node denotes the agent’s current solenoid
and Ref is the next target solenoid on the reference tra-
jectory. This routine utilizes the adjacency matrix A of the
solenoid connectivity graph ¢ to compute the shortest path via
Dijkstra’s algorithm, returning an intermediate trajectory X"
that steers the agent back to the reference. If nearby agents are
detected, the controller enters the collision avoidance mode.
The function COLLISIONAVOIDANCE(Sample, A) is called,
which considers the current agent positions and the adjacency
matrix. For simplicity, we implement a prioritized halting
strategy: lower priority agents temporarily pause to allow
higher priority agents to proceed, thus preventing collisions.
To ensure safe path computation during this mode, edges in A
that lead to imminent collisions (e.g., solenoids within the con-
flict region of another agent) are temporarily assigned infinite
weight. We emphasize that different collision avoidance strate-
gies could be implemented, as illustrated in the experimental
results, where we showcase an alternative approach based on
line-of-sight and time-to-collision as well. Additionally, we
provide an implementation of the Rapidly exploring random
tree method (see the Data Availability section).

We simulate a scenario where two agents each tracks a
circular reference trajectory [see Fig. 4(a)], starting from
positions that lead to intersecting paths. This example illus-
trates collision avoidance as each agent navigates toward
its respective target in opposite directions. As shown in
Fig. 4(b) and (c), the agents successfully converge to their
reference trajectories while avoiding collisions. Specifically,
Agent 2 halts while Agent 1 moves outside the collision
avoidance region.

V. EXPERIMENTAL RESULTS

A. Experimental Apparatus

To conduct the experiments, we utilized the setup shown
in Fig. 5. It consists of a 5 x 5 MagTile array, comprising
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Fig. 5. Overview of the experimental apparatus.

225 solenoids arranged in a 15 x 15 grid (with an inter-
solenoid spacing of 21.59 mm), a programmable power supply
(Keithley 2231A-30-3), a photo studio with LED lighting
to ensure consistent and uniform illumination, and a fixed
scaffold supporting an overhead camera (Logitech C920 HD
Pro Webcam) for real-time multiagent tracking.

B. Case Study 1: Illustrative Examples

We start by considering a scenario in which two agents must
track reference trajectories given by concentric semicircles,
as shown in Fig. 6(a). The black and orange curves denote
the reference paths, while the larger dots indicate the agents’
initial positions. As the system evolves, the agents asymp-
totically converge to their designated trajectories, as depicted
in Fig. 6(d), with the corresponding tracking errors, E;(?),
shown in Fig. 6(g). Here, E;(t) : = IIX{ef(t) — X;(®)|| with
t = kT, X{(1) = (x(1),y/(0) and Xi(1) = (xi(2),yi(1)). The
abrupt change observed at r = 58.78 s results from a transient
measurement error, where the tracking algorithm failed to
detect the agent in a single frame. Additional quantitative
results from the computational analysis of tracking errors are
provided in the Data Availability section. Next, we modify
the reference trajectories to two adjacent circles, depicted
in Fig. 6(b). The agents are initialized such that their paths
intersect over time, as their respective targets lie in oppo-
site directions relative to their starting positions. The results
in Fig. 6(e) and (h) confirm that the agents successfully reach
their targets, even under external disturbances. Specifically, at
t ~ 50 s, one agent was manually perturbed off its trajectory.
Despite this displacement, the agent was able to converge back
to the reference trajectory. Note that the tracking error exhibits
an initial transient during convergence, a short increase follow-
ing the perturbation, and subsequently decays as the agents
return to their reference trajectories.

C. Case Study 2: Vision-Based Collision Avoidance

We also implement a collision avoidance strategy based on
line-of-sight and time-to-collision, originally formulated for
continuous-time robot interactions [42]. The scenario consists
of two agents: Agent 1, a noncooperative entity that may
be either static or dynamic, and Agent 2, which actively
navigates the workspace while adjusting its steering angle to

avoid collisions. Specifically, the future position of Agent 2
is determined based on its current state and the collision
avoidance control law given by

if Yo < Ymin
if Yimin < Yea < Ymax
if Yea = Ymax
where Ymin (rad) and Y. (rad) are discretization thresholds

that define the steering response. The collision avoidance
steering angle rate, /., (rad/s) is computed as

Yoo KT) = kn(KT) "¢,

no change,
diagonal-left position, (13)

perpendicular-left position,

(14)

Here, « (s™') and k. (s™!) are tuning parameters that regulate
the magnitude of steering adjustments and the sensitivity of
the response based on proximity to Agent 1. The variable 7
(s) is the time-to-collision defined as 7(kT) : = p(kT)/p(kT)
with p (cm) being the Euclidean distance between the agents.
The variable n (rad) quantifies the alignment of the Agent 1
heading vector with the centroid of the obstacle (Agent 2) and
is given by n(kT) : = (n/2) 4+ AkT) — y(kT), where A (rad)
is the angle between the heading angle and the horizontal axis
(X-axis) of the inertial coordinate frame, and i (rad) denotes
the heading angle. The parameters were heuristically set to
Ymin = 0.51ad, Ymaxy = 0.9rad, andx = k., = 157!, based on
experimental results that demonstrated effective performance.
The corresponding results are shown in Fig. 6(c), (), and (i),
where Agent 1 remains static while Agent 2 navigates the
workspace, avoiding the obstacle to reach its target on the
opposite side. Initially, Agent 2 exhibits a large tracking
error as it deviates from the nominal path to execute the
avoidance maneuver. Once the obstacle is cleared, the agent
resumes its trajectory toward the target, and the tracking error
progressively decreases until convergence is achieved.

D. Case Study 3: Fish Collective Behavior

Motivated by the study of fish collective behavior through
ethorobotics [25], [29], [30], [31], we explore a scenario with
a different type of payload than the disks used in the previ-
ous examples. Specifically, we designed 3-D-printed zebrafish
with a magnetic core and introduced them into a transparent
acrylic tank filled with water. The tank was placed atop the
MagTile platform. We evaluated the reference trajectory shown
in Fig. 7(a) under two scenarios: 1) open-loop control
[see Fig. 7(b)], in which agents follow their predefined
trajectories without feedback and 2) closed-loop control
[see Fig. 7(c)], in which agents incorporate real-time feed-
back from the tracking system to compensate for external
disturbances, using the control logic defined in (2). The
corresponding tracking errors are reported in Fig. 7(d) and (e),
respectively. In the open-loop condition, the agents generally
follow their reference trajectories; however, occasional actua-
tion delays may cause the agent to miss one or more control
steps. When this occurs, the affected agent must wait until
the next update of the reference loop to resume its trajec-
tory, resulting in transient tracking deviations, as illustrated
for Agent 2 in Fig. 7(d). Additionally, following a strong
manual perturbation at ¢+ = 65.19 s, the open-loop controller
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Fig. 6. Experimental results. Reference and time-series trajectories of two agents for different scenarios. (a) and (d) Agents following two concentric circular
trajectories. (b) and (e) Agents traversing two circular trajectories from opposite initial positions. A manual perturbation is applied at ¢ = 53.49 s, displacing
one agent from its trajectory. Halting collision avoidance is used in (a) and (d) and (b) and (e). (c) and (f) Illustration of the collision avoidance strategy
in (13). (g)-() Tracking errors of the two agents (yellow: agent 1, black: agent 2) over time for the three corresponding scenarios.

fails to maintain accurate trajectory tracking for both agents.
In contrast, under closed-loop control, the agents rapidly cor-
rect such deviations and maintain accurate trajectory tracking
even in the presence of disturbances. In addition, we observed
that the median speed of the fish in open-loop was 7.01 cm/s,
whereas in closed-loop, it was reduced to 3.02 cm/s.

Finally, to demonstrate the potential of MagTile to repli-
cate naturalistic biological locomotion, we used real 2-D
trajectories from a single zebrafish, as reported in [54].
These overhead trajectories, recorded in a circular tank [see
Fig. 8(a)], were discretized and mapped onto the MagTile
workspace [see Fig. 8(b)]. Experimental results are reported
in Fig. 8(c), showing the motion of the robotic replica in 3-D
space, and in Fig. 8(d) and (e), which illustrate the corre-
sponding time series along the X and ) axes, respectively.
The discretization errors, defined as the absolute difference

between the biological trajectory and the actual system output
for each spatial component, are shown in Fig. 8(f). These
results demonstrate the system’s capability to reproduce bio-
logically realistic trajectories while also revealing its current
limitations. In particular, the presence of water and the added
mass of the payload introduce hydrodynamic resistance that
is not yet accounted for in the current design or mathematical
model. During smooth segments of the fish trajectory, tracking
accuracy remains high; however, during abrupt maneuvers
or sharp turns, transient deviations occur due to the finite
actuation speed of the platform. Future work will seek to
enhance actuation speed, designing robust feedback controllers
to improve trajectory fidelity, and extending mathematical
models to incorporate hydrodynamic effects, which will enable
more accurate simulation, testing, and optimization of actua-
tion performance prior to physical implementation.
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Fig. 7. Experimental results using a 3-D-printed fish replica with a magnetic core as the actuated payload. (a) Reference trajectories. Time-series trajectories
of two fish replicas in (b) open-loop configuration and (c) closed-loop configuration, with manual perturbations at r = 65.19 s and r = 40.43 s, respectively.
(d) and (e) Tracking errors of the two agents (yellow: agent 1; black: agent 2) over time for the open-loop and closed-loop configurations. (f) Sequential

snapshots of the two fish replicas tracking their reference trajectories.

E. Computational Experiment of Formation Control

We consider a scenario involving a larger number of agents.
Specifically, we address the formation control problem for ten
agents operating within an expanded workspace composed
of 30 x 30 solenoids. At the beginning of the simulation,
agents are randomly distributed across the workspace and are
required to reach a target formation arranged in a circular
pattern, indicated by the blue circles in the top panel of Fig. 9.
Once convergence to this formation is achieved, the reference
configuration changes to a rectangular formation, shown as
red circles in the same figure. To quantify performance, we
compute the tracking error for each agent, E;(f). As shown
in the middle panel of Fig. 9, E;(f) is initially large but
gradually decreases to zero as agents reach the first formation,
increases again after the formation pattern switches, and finally
converges back to zero as the new rectangular formation

is achieved. In addition, we record the number of collision
avoidance maneuvers (halting strategy), denoted as CA(?),
triggered during the experiment (bottom panel of Fig. 9). This
variable increases when agents’ paths intersect while moving
toward their targets, reflecting active avoidance behaviors, and
returns to zero once all agents have reached their assigned
positions.

FE. Computational Experiment With Controlled and
Uncontrolled Agents

In biological experiments, live animals are uncontrolled
agents as they move autonomously and could exhibit random
motion. MagTile can accommodate the presence of such
uncontrolled agents, provided their positions are available in
real-time. In fact, controlled agents can treat uncontrolled
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Fig. 8. Experimental results using real 2-D trajectories from a single zebrafish. (a) Circular experimental arena with live zebrafish (danio rerio). (b) Real
fish trajectory and discretized trajectory in MagTile workspace. (c) Time-series of the fish replica trajectory and reference. (d) and (e) Time evolution of the
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Fig. 9. Computational experiment on formation control with ten agents. Agents are initially placed at random positions and are required to reach a circular
formation (blue circles). Once convergence is achieved, the reference configuration switches to a rectangular formation (red circles) (top). Time evolution of
the individual tracking errors E;(¢) (middle). Number of collision avoidance maneuvers CA(f) recorded during the experiment (bottom).

agents as moving obstacles and execute collision-avoidance To illustrate this, we extend the simulation scenario of
maneuvers through feedback. Fig. 4 to a mixed case consisting of one controlled agent
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Fig. 10. Computational experiment of controlled and uncontrolled agents. Agent 2 is actuated by MagTile and tracks a prescribed reference trajectory, while
Agent 1 is unactuated and moves randomly over the space. (a) Trajectories of both agents. (b) Tracking error E»(f) of agent 2, number of collision-avoidance
maneuvers CA(?), and Euclidean distance D(f) among agents recorded during the experiment.

and one uncontrolled agent sharing the same workspace.
In this example, Agent 2 remains actuated by MagTile and
continues to track its reference trajectory, while Agent 1 is
unactuated and moves freely according to standard discretized
unicycle kinematics. To emulate an unpredictable agent, the
speed and heading of Agent 1 are randomly perturbed every
two sampling periods. That is, at each update, the forward
speed and heading rate are drawn from Gaussian distributions
(with bounds enforced to maintain positive speeds), and then
held constant until the next update. In addition, we impose
hard boundary constraints so that when Agent 1 reaches the
workspace boundary, its direction is reflected, ensuring the
agent remains contained within the MagTile workspace.
The resulting simulations are shown in Fig. 10. Note that
the uncontrolled agent moves randomly within the workspace,
while the controlled agent continues to pursue its reference
and triggers the avoidance maneuver whenever the two agents
come into close proximity.

VI. CONCLUSION

Ethorobotics, the study of animal-robot interactions, has
emerged as a powerful framework for investigating collective
behavior and social dynamics [1], [2], [3]. Existing plat-
forms, however, often exhibit limited scalability, restricted
adaptability, and a lack of computational tools for in-silico
experimentation [29], [31], [32], constraining their applicabil-
ity across diverse experimental configurations.

Motivated by these fundamental limitations, this work
introduced MagTile, a modular and scalable platform for
the control of electromagnetically actuated agents. MagTile
integrates a modular actuation system, vision-based multiagent
tracking, and computer-based control. Central to the platform’s
architecture is a tile-based electromagnetic actuation system,
which allows flexible reconfiguration, crucial for covering
different experimental areas.

We developed a mathematical model of MagTile to char-
acterize the interaction between solenoids and disk magnet
payloads, utilizing a fictitious magnetic monopole representa-
tion. The resulting nonlinear state-space model was analyzed
using Lyapunov stability theory, providing theoretical insights

into system behavior and performance. Building on this
model, we established a computational framework for sim-
ulating, testing, and optimizing experimental conditions prior
to physical deployment, minimizing trial-and-error experimen-
tation. The platform incorporates a feedback control strategy
based on Dijkstra’s algorithm that guarantees real-time tra-
jectory tracking. To validate the system’s effectiveness, we
conducted a series of illustrative experiments demonstrating
multiagent coordination, where agents successfully followed
prescribed trajectories despite disturbances. Additionally, we
implemented and validated an alternative collision avoid-
ance strategy based on line-of-sight and time-to-collision.
Finally, we showcased MagTile’s potential for ethorobotics
applications by actuating a pair of 3-D-printed fish replicas,
illustrating its utility for animal-robot interaction studies.
Our proposed platform is not free of limitations that call
for future endeavors. First, the current system operates by
activating a single solenoid at a time per agent, resulting
in discrete stepwise transitions between tiles. In addition,
the communication protocol imposes a hardware limit of
approximately 60 tiles, as the driver chips cannot support
more than 60 unique addresses. Future work will investigate
multisolenoid activation with time-varying PWM control to
achieve smoother transitions and more continuous motion.
Moreover, we plan to design new circuit boards that support
higher voltage operation, real-time power regulation, and an
optimized communication protocol, thereby increasing the
number of addressable tiles and enhancing overall system
scalability. Second, there is a noticeable disparity in agent
speed between open-loop and closed-loop actuation, primar-
ily due to the latency introduced by vision-based tracking
and control algorithms. Future improvements will focus on
reducing computational delays, enhancing real-time respon-
siveness, and optimizing both control and tracking algorithms.
Third, animal behavior is inherently stochastic [55], [56], [57],
raising the challenge of tracking complex trajectories. This
will require the development of advanced control strategies
(possibly using model predictive control [58]), capable of real-
time trajectory prediction and adaptive path planning. Fourth,
this study does not evaluate fully heterogeneous scenarios
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in which multiple uncontrolled agents (live animals) interact
simultaneously with controlled agents in the same workspace.
In principle, uncontrolled agents can be treated as moving
obstacles. If their positions are available in real time, the
controlled agents can execute collision-avoidance maneuvers
(see Section V-F). However, enabling and validating general
heterogeneous environments with multiple live subjects would
require a robust real-time perception layer capable of tracking
several individuals under occlusions and intermittent detec-
tions. Developing and integrating this capability into MagTile
is an important direction for future work.

Although there are several avenues of future research,
MagTile has the potential to further advance studies on
ethorobotics and bioinspired MASs, paving the way for new
discoveries in robotics and collective behavior.

DATA AVAILABILITY

The circuit designs, computational model code, and
datasets used in this study are available at https://github.com/
swarmintelligencelab/MagTile/tree/main
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