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Navigation of Robotic Swarmalators with Dynamics and Constraints

Xinyue Xul!, Wei Xiao?, and Steven Ceron

Abstract— Swarmalator studies have enabled self-organized
collective behaviors that emerge from dual spatial and temporal
coupling, without relying on external inputs. These behav-
iors arise solely from attractive and repulsive interactions
modulated by a few global parameters. Here, we treat the
swarmalator model as a planner and study how several of the
collective behaviors change in terms of space-phase organiza-
tion when the agents are robots with vehicle dynamics and
constraints: including omnidirectional, unicycle, and bicycle
dynamics. Furthermore, we use the control barrier function
method to guarantee that the collective can navigate around
objects, through cluttered environments, and transport objects
in between obstacles by exploiting global and local control
methods. This work brings us closer to realizing large groups
of robotic swarmalators, of heterogeneous dynamics, that can
enable shape formation, navigation, and object manipulation in
cluttered environments.

Swarm Robotics, Distributed Robot Systems, Optimization
and Optimal Control.
I. INTRODUCTION

Natural collective systems, like fish schools [1], bird
flocks [2], and bacterial colonies [3], exhibit spatial self-
organization, which results from agents coupling to each
other through spatial variables like cohesion and alignment,
and lead to swarming behaviors [4]. Other systems, like
flashing fireflies [5], clapping audiences [6], and firing neu-
rons [7] exhibit temporal self-organization, which results
from temporal coupling between agents; here, agents couple
to each other through their internal oscillating states and
enable synchronization-like behavior [8]. By considering the
interplay between these two types of self-organization, we
can better understand and replicate the dual synchroniza-
tion and swarming behaviors exhibited by diverse collective
systems. Swarmalators were initially introduced to study
emergent behaviors that result from dual spatial and temporal
self-organization [9]; it is a framework that models point
agents whose motions depend on their relative internal state
(phase) interactions, and whose phase interactions depend on
their relative positions and motions.

Throughout the past few years, researchers from physics,
biology, and mathematics have dived into this model to
understand the fundamental mechanisms that lead to the
diverse collective behaviors it enables, as well as to find its
intrinsic connection to real natural collective systems [10],
[11], [12]. The model may also be valuable to swarm
roboticists because it enables large groups of agents to self-
organize into very specific formations or exhibit predictable
collective motions even though each constituent has little
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knowledge about others’ actions. This would be useful for
robot swarms at many different length scales, in which there
are restrictions on computational capabilities or access to
information about other agents’ behaviors; it would enable
robots to tune their spatial attraction / repulsion to enable
diverse formations and motions. Roboticists have realized
some of the swarmalator behaviors on groups of macro-
scale and micro-scale robots [13], [14], [15], and have
applied optimal control methods in computational studies
to optimize the coupling between agents to enable desired
formations [16].

Throughout these studies, they assume omnidirectional
point robots and obstacle-free workspaces. To bring these
collective behaviors closer to real-world applications, it is
necessary to consider how the collective behaviors change
when the agents have constraints on their vehicle dynamics
and when the environment becomes cluttered.

In parallel, existing multi-agent systems [17], [18], [19]
usually refer to a number of agents with external inputs,
and we usually need to formulate centralized / decentralized
optimizations in order to find controls for all the agents such
that they can achieve certain formations, which is compu-
tationally expensive and hard to scale to large multi-agent
systems. Existing works employ control barrier function
(CBF) and control Lyapunov function (CLF) [20], [21] to
ensure safety and stability of those multi-agent systems, and
it may be hard for multi-agent systems to switch formations
to adapt to varying environments.

By contrast, the swarmalator model enables self-organized
systems without external inputs, where diverse collective
behaviors arise solely from attractive and repulsive interac-
tions between the agents that can be tuned through global
coupling parameters; thus making it computationally efficient
and scalable. The model can also quickly switch formations
to adapt to varying environments. There are limited studies
on how to incorporate guarantees in those self-organized
systems, which we aim to address in this paper.

Our contributions are as follows:

« We study emergent collective behaviors enabled by the
swarmalator model when the agents are constrained
by unicycle and bicycle dynamics and compare to
omnidirectional dynamics (no dynamic constraints).

e We use the control barrier function method to ensure
that the collective can move toward a desired target
while avoiding obstacles and transporting an object.

e We study how the dynamical constraints affect the
collective behaviors when agents are moving around a
single obstacle, in between two large obstacles, through
a cluttered environment, and transporting an object.
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We use the CBF method [22], [23] to control the group
to avoid obstacles and exploit global control (treat the group
as a single controllable unit) and local control (each agent
computes its control input) to enable motion around obstacles
when the agents are exhibiting certain dynamical constraints.
CBFs are Lyapunov-like functions for control that are rooted
in optimization [24], [25]; they have been used for multi-
objective control and to prove set invariance. CBFs can be
used for mapping a constraint defined over system states to a
control constraint whose satisfaction implies the satisfaction
of the original state constraint. By optimizing the collective
behaviors according to the surrounding environment and
the vehicle dynamics, we can make the swarmalator model
useful for controlling self-organizing and task-driven robot
swarms in cluttered settings.

II. SWARMALATOR MODEL

Each agent 7 is modeled as a swarmalator, possessing
both a spatial state and an internal phase. Specifically, for
each agent, the position is x;(t) = (z;(t),%:(t)) € R? and
its phase is 6;(t) € [0,2m). The swarmalators we study
here have their spatial dynamics governed by an equation of
motion (1) which dictates how agents move depending on the
spatial attraction / repulsion enabled by other agents’ relative
phases. To study the swarmalator behaviors from a robotics
perspective, we adjust the swarmalator model’s equation of
motion so that it considers agents of finite-size that cannot
get infinitesimally close to each other. x{¥™ is the velocity
induced by interactions with other agents:

N
X5V = — 2 (A4 Jcos(0; —0;)) - B— 1
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Here, N is the total number of agents, ||rj;|| = ||x; — x;]|,

which represents the distance between the global positions,
x; and x;, of agents j and ¢, and their phases are given
by 6; and 0;, respectively. The parameter d defines the
minimum allowable distance between two agents, which is
set to twice an individual agent’s radius to prevent collisions.
The attraction strength is controlled by parameter A, whereas
B regulates the repulsive force. Increasing the ratio of %
increases the equilibrium spacing between agents. The global
parameter J quantifies the influence of phase similarity on
spatial attraction, and is kept between -1 and 1 throughout
this study; when J > 0, agents with similar phases attract,
while for J < 0, agents with similar phases repel.
Swarmalators’ phase dynamics follow a distance-
dependent variant of the Kuramoto model [26], which dic-
tates how each agent’s phase evolves over time depending on
how it is coupling / anti-coupling to other agents’ phases:

N .
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Here, K represents the phase coupling strength; when K >
0, agents tend to synchronize by minimizing their phase
differences, whereas for K < 0, they strive to maximize

their phase differences, leading to asynchrony. Intuitively,
one can think of the phase #; as a changeable internal state
exhibited by each agent. The parameter K governs whether
the tend to align their states (K > 0) or diversify (i < 0).
The spatial attraction in (1) is modulated by phase similarity
through .J, the phase dynamics indirectly shape how agents
position themselves such that agents with similar phases are
more likely to cluster together when J > 0, while dissimilar
phases promote separation.

III. PROBLEM FORMULATION

Based on the swarmalator model in (1) and (2), consider
each agent 7 has a planar position x; € R? and a phase
0; € [0,27]. The swarmalator dynamics yields a velocity
x;"™ that depends on interactions with neighboring agents
and their phases. Formally, we write (1) as a variant:

= f(xi,0i,{x;,0;} ;i) 3)

Where f(-) encodes the intrinsic swarmalator behavior. To
steer the system beyond its natural swarmalator behavior,
we introduce an additional control. We consider two distinct
paradigms: Global Control and Local Control. In the Global
Control scheme, a unified control signal u € R? is computed
centrally and applied uniformly to all agents (i.e., u; = u for
all 7). In the Local Control scheme, each agent 7 is assigned
its own control input u; = (um, uy) € R2. The resulting
agent dynamics become:

x; = f(xi,0;,..

-SWIN
Xi

D)+ g(x;) u; 4

2D control in the plane

Where g(x;) = I, if we assume the control acts directly in
the plane without further constraints. Thus, X; = (&;,¢;) is
effectively the commanded velocity for the ¢-th agent in 2D.

In a fully omnidirectional robot, this velocity can be
directly commanded; the agent truly moves at z;,¥y; in the
plane. However, many physical platforms (e.g., differential-
drive or car-like robots) impose non-holonomic constraints.
Hence, while the model in (4) still generates a 2D velocity
numerically, the robot cannot just set (i;,1;) arbitrarily.
Instead, it interprets x; as a desired or target velocity, then
attempts to realize it subject to its own kinematic constraints.

Throughout this study, we only use the control variable
Wi = [Ug;, Uy;|. Our results with non-omnidirectional motion
(unicycle / bicycle) demonstrate how we can execute the
desired speed command expressed by x; on a real platform
with dynamical constraints, rather than designing a new feed-
back control or new input. Therefore, x; is an ideal desired
velocity; it is what the non-holonomic robots throughout the
remainder of this study are trying to map this velocity to
based on their own dynamical constraints. In what follows,
we show how unicycle or bicycle robots map x; to their
feasible control signals.

As a result, our framework naturally separates into three
layers. At the swarmalator layer, we recover the intrinsic
collective motion simply by setting the extra control input
u; = 0 as in (3). At the CBF-augmentation layer, we
compute a correction u; via the global control (10) or local
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control (13) to obtain the desired velocity as shown in (4).
Finally, at the execution layer, each robot runs a low-level
PID controller that does not design the desired velocity but
only tracks it—so that the real robot velocity matches the
swarmalator-inspired command.

IV. FUSION OF SWARMALATOR AND ROBOT DYNAMICS

We now illustrate the mapping from the planar velocity
%X; = (&,9;) to the inputs of classical non-holonomic robot
models. There is no additional control input need to be
applied, only a kinematic transformation.

Notably, although we do not provide a full safety proof
here, recent work on model-free safety-critical control where
single-integrator velocity commands are formally tracked by
higher-order robotic models — provides a rigorous foundation
for our mapping [27], [28], [29]. These results imply that
velocity commands generated by (4) can be safely realized
on unicycle and bicycle platforms under appropriate tuning.

Fig. 1. Classical non-holonomic robot models. (a) Unicycle model. (b)
Bicycle model.

A. Unicycle dynamics

The unicycle model introduces constraints that require
explicit orientation control as shown in Fig. 1a. Each agent’s
state is characterized by planar coordinates (z¥", y*"™) and
orientation ¢;. In particular, the planar position evolves via
xz”“ = v, COos (bl and yf"’ = v; sin ¢;, while the heading
angle satisfies ¢; = ;. Here, v; € RT and €; € R represent
linear and angular velocities, respectively.

To map the swarmalator plus control spatial commands
from (4) onto this constrained system, we interpret the
output x; as a desired velocity vector. Specifically, we set
v; = ||%il| = V%> +9;°. The desired orientation ¢S is
derived by ¢ = arctan(y;, #;), and the orientation error
is e = ¢9°—¢;. A proportional control law yields the angular
velocity §); = K, - e, where K, is a proportional gain that
determines how quickly the agent corrects its heading error.
Under the proportional law, the error dynamics ¢ = —Ke
are exponentially stable, guaranteeing ¢; — ¢ges,; and hence
asymptotic tracking of the desired velocity x; [27].

The phase dynamics remain governed by (2), preserv-
ing the swarmalator synchronization properties. Thus, this
formulation enables physical realization of swarmalator be-
haviors on platforms with non-holonomic constraints, while
maintaining the original phase-space coupling.

B. Bicycle dynamics

The bicycle model extends the unicycle framework by
incorporating steering kinematics, thereby introducing ad-
ditional constraints on motion control as demonstrated in
Fig. 1b. Unlike the unicycle model, where orientation ¢;
can be directly controlled through an angular velocity €2;,
the bicycle model’s orientation depends on both the linear
velocity v; and steering angle §;. Concretely, the position
coordinates satisfy ;vﬁ” = wv;cos¢; and yﬁ?i = wv;sin ¢;,
while the heading angle evolves via ¢; = 7= tan(d;). Here,
di € [—Omax, Omax] 1S the steering angle (mechanically
constrained), and L; is the wheelbase length. The orientation
dynamics depend on both linear velocity and steering angle,
introducing velocity-dependent curvature constraints.

Given a desired planar velocity x; as computed in (4),
we follow a strategy similar to the unicycle case: the mag-
nitude of x; defines the linear speed v;, and its direction
determines the desired orientation qb?es. In the bicycle model,
steering control builds on the unicycle’s orientation control
by incorporating a derivative term. Since the steering angle
0; does not immediately match the orientation, applying
only proportional control can result in heavy oscillations. To
alleviate this overshoot, we employ a proportional-derivative
(PD) control law of the form 5 = K, -e+ Kq-é, where é
denotes the time derivative of the orientation error and K is
a gain that modulates the damping effect, thereby reducing
oscillations. The PD control law is exponentially stable for
K,, K4 > 0. This ensures bounded tracking error and prac-
tical realization of the commanded velocity [29]. The phase
synchronization still follows (2), but the additional coupling
between translational motion and rotational steering produces
richer collective dynamics in steering-based platforms.

V. CONSTRAINT-DRIVEN COLLECTIVE BEHAVIORS

We conducted comparative experiments between non-
holonomic implementations (unicycle and bicycle models)
and the idealized omnidirectional swarmalator system. De-
spite kinematic constraints, both non-holonomic models suc-
cessfully reproduced characteristic swarmalator states ob-
served in the omnidirectional case, as shown in Fig. 2. Each
system comprised of 100 space-filling agents, each with a
radius of 0.1 units, colored by the phase (8 € [0,27]).
Experimental domains measured 10 x 10 units for omnidi-
rectional / unicycle models and 30 x 30 units for bicycle
implementations to accommodate their distinct maneuvering
characteristics.

To maintain collision-free operation under real-world mo-
tion constraints, we established safety margins through pa-
rameter adaptation. The repulsion coefficient B was incre-
mentally increased until collision avoidance was achieved
in the most compact configuration (K = 1, J = 1). Final
parameters were B = 3 for omnidirectional / unicycle
models and B = 10 for bicycle models, with consistent
attraction A = 1 across all implementations.

Fig. 2 demonstrates key emergent behaviors of swarmala-
tors for five different values of K, all with J = 1. When
K = 1, agents converge into a compact circle with fully



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

synchronized phases, referred to as Static Sync. For K = 0,
agents assume a Static Phase Wave, retaining their initial
phases to form a phase gradient along a ring-like shape.
As K becomes increasingly negative, the phase interactions
become anti-coupled. At K = —0.05, a Splintered Phase
Wave arises, where agents form several sub-clusters with
partial phase segregation. Decreasing further to K = —0.5
induces persistent circular motion in clusters, producing an
Active Phase Wave, as highlighted by black trajectory lines.
Finally, at K = —1, agents move in a disordered manner
and become an asynchronous group.

It is noteworthy that due to the velocity-dependent turning
constraints in the bicycle model, agents do not achieve a
completely static state; rather, they exhibit small residual
motions around their nominal positions. Nevertheless, on a
macroscopic scale, the agents form the intended patterns that
are characteristic of the swarmalator dynamics.

K=-1

Omni

Unicycle

Bicycle

Fig. 2. Final configurations of 100 agents under the three dynamic models
with J = 1. From left to right: K = 1 (Static Sync), K = 0 (Static Phase
Wave), K = —0.05 (Splintered Phase Wave), K = —0.5 (Active Phase
Wave), and K = —1 (Fully Disordered Phase). The black lines highlight
sample trajectories in the Active Phase Wave.

Fig. 3 illustrates how the collective radii varies with the
phase coupling strength J under the static phase wave regime
(K = 0). We plot the average inner and outer radii of the
ring formed by the agents for the three different dynamic
models. As J increases from 0.1 to 1.0, the ring expands in
all models, reflecting a broader spatial distribution of agents.
The bicycle model consistently yields the largest radii, owing
in part to the larger repulsive parameter used to prevent
collisions under its non-holonomic constraints. In contrast,
the omnidirectional and unicycle models have almost the
same radii, which indicates the unicycle model can perform
similar to the ideal situation.

VI. CONTROLLABLE ROBOTIC SWARMALATORS

Our control framework for robotic swarmalators focuses
on two primary objectives, namely (1) trajectory tracking and
(2) obstacle avoidance. To achieve these goals, we adopt a
hybrid control strategy that combines CLFs [30] for conver-
gence guarantees with CBFs for safety-critical constraints.
As presented in Sec. III, our approach incorporates both
Global Control, where a centralized optimization treats the
entire swarm as a unified system under common constraints,

-= Omnidirectional Inner Radius

-= Omnidirectional Outer Radius
Unicycle Inner Radius
Unicycle Outer Radius

o, - Bicycle Inner Radius
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0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
J

Fig. 3.  Line plot illustrating how the average inner and outer radii
vary with the phase coupling strength J across different dynamic models
(omnidirectional, unicycle, and bicycle).

and Local Control, in which each agent computes its control
input based on local neighborhood information.

We assume that each agent’s position is available at
every control step. The control loop operates with a fixed
timestep of At = 0.1s, which provides sufficient margin
for both computation and communication. Control inputs are
broadcast to all agents, and the positions of static obstacles
are assumed to be known. To reflect realistic operating
conditions, we impose a velocity bound on the control inputs
of |lu;|| < 1mis.

A. Control Lyapunov Function Formulation

To ensure trajectory tracking for the swarm, we define a
swarm-level Lyapunov function V' (x) based on the collective
centroid dynamics. Let Peuger € R? denote the swarm’s
desired target position. The Lyapunov function is V' (x) =
[IX — Prarget| 2 where X = % Zf\;l x; represents the centroid
of the swarm, and N is the total number of agents. The
Lyapunov function V'(x) quantifies the squared Euclidean
distance between the swarm centroid and the target position,
providing a measure of the collective tracking error.

To guarantee exponential convergence of the swarm cen-
troid to the target position, we enforce the CLF condition:

élélzf/‘{ [L;V(x)+ LV (x)u+ AV (x)] <0 %)
Where L;V(x) and L,V (x) are the Lie derivatives of
V(x) along the vector fields f(x) and g(x), respectively.
The parameter A > 0 controls the rate of exponential
convergence. The CLF condition ensures that the control
input v drives the swarm centroid toward the target position
while maintaining stability. The Lie derivatives are computed
as LV (x) = %—‘; (x), LyV(x) = %—‘;g(x), where %—‘; =
2(x— pmrgm)—r is the gradient of the Lyapunov function with
respect to the swarm state. This formulation ensures that the
control input v is designed to minimize the tracking error
while adhering to the system dynamics.

B. Control Barrier Functions Formulation

To ensure collision-free navigation while preserving
swarm coherence, we employ CBFs with formally guaran-
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teed safety properties. Consider the swarm’s configuration
space X C R2VN and a set of safety constraints S C X
defined through continuously differentiable barrier functions
b: X — R. The safe set is characterized by S := {x €
X b(x) > 0}.

For obstacle avoidance, we model obstacles as superel-
lipses, which is a generalization of standard geometric
primitives that provides shape flexibility through a single
parameter. The m-th obstacle is defined by:

(m)
T —Cy ot
| = I ly o .v; || <1 (6)

Here, (cg(cm),cz(,m)) is the obstacle centroid, a(™,b(™) > 0

are the semi-axes lengths, and n{™) > 0.3 controls the con-
vexity. Then we define a barrier function for each obstacle:

(m)

e = ly — ™|
bk(x) - a(m) TP + p(m) +r -1
(7

Here, r denotes the safety radius, generally equivalent to
the agent’s radius. This formulation ensures byx(x) > 0
implies collision avoidance between agent ¢ and obstacle
m. To guarantee forward invariance of the safe set S, we
enforce the CBF condition through Lie derivatives of the
barrier functions along the system dynamics:

sup [Lb(x) + Lyb(x)u] + a(b(x)) >0 (8)
ueU

Where a: R — R is a Lipschitz continuous extended class
K function. The Lie derivatives are computed as:

Libx) = 50709, L) = poglx) O

This formulation ensures that the control input w is de-
signed to ensure the agent stays in the safety area while
satisfying the system dynamics.

1) Global Control Formulation: The global control
paradigm treats the swarm as a cohesive entity with collective
dynamics governed by a unified control input u € R2. This
approach maintains swarm coherence by ensuring that all
agents remain within a compact formation. In other words,
the formation radius is defined as the maximum distance
from any agent’s position to the swarm’s centroid, such that
the group is tightly clustered.

To address potential feasibility issues in constrained envi-
ronments, we formulate a relaxed CLF-CBF Quadratic Pro-
gram (QP) with slack variable § > 0, under the assumption
of a total of M obstacles:

min
w€U,6>0
st. LyV+LVu+eV <90

Lsby, + Lgbpu+ (b)) >0, Ym € {1, ...,

lull* + p6?

M}
(10
As demonstrated in Fig. 4a-b and Fig. 5a-b on both the

unicycle and bicycle models in the Static Sync formation, this

centralized approach successfully navigates sparse obstacle
configurations but exhibits a limitation: The cohesive forma-
tion cannot pass through narrow passages between adjacent
obstacles due to the fixed safety margin.

(a)

Fig. 4. Global and local control of unicycle swarmalators among obstacle-
laden paths. (a) Global control enables the swarmalators to move around a
single obstacle to a desired target. (b) Global control prohibits the collective
from passing in between two close obstacles. (c-d) Local control enables
the group to move in a straight line around one obstacle (c) and between
two obstacles (d). The snapshots in each subfigure correspond to 2 s, 14 s,
and 20 s.

(a) (b)

Fig. 5. Global and local control of bicycle swarmalators among obstacle-
laden paths. (a) Global control enables the swarmalators to move around a
single obstacle to a desired target. (b) Global control prohibits the collective
from passing in between two close obstacles. (c-d) Local control enables
the group to move in a straight line around one obstacle (c) and between
two obstacles (d). The snapshots in each subfigure correspond to 2 s, 18 s,
and 30 s.

2) Local Control Formulation: The local control strategy
adopts a decentralized approach, where each agent 7 com-
putes its control input u; based on local neighborhood infor-
mation. This requires two complementary safety constraints:

For each agent-obstacle pair (¢, m), we define the pairwise
barrier function:

(m)
™|

l|zs — C$
a(m) “+7r;

lys — ™|

+
pim) + i

bir(x;) =
(1)
In continuous time with infinite updates, the swarmalator
repulsion alone would prevent collisions, but in practice
discrete timesteps and uncertain local velocity corrections
can still permit overlaps, especially in crowded scenarios
under local control. To address this, we introduce inter-agent
CBFs, which enforce a hard, forward-invariant safety margin
at each finite update, thereby converting the soft emergent
spacing into a strict collision-avoidance guarantee under real-
world control uncertainties. For each agent pair (i,j), we
enforce:
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bij(xi) = (wi—2;)°+(yi—y;) > — (ritr))?, Vi, j #i (12)
Each agent solves the decentralized QP:
min gl + po?
u; €U;,6; 20
s.t. Lf‘/; + LgViui + eV, < 6;
Lszm + Lgbimui + Oél(bim) >0, Vm € {1, ey M}
Lfbij + Lgbijui + Oég(bij) Z 0, V] 7é )
13)
This formulation enables agents to independently negotiate
complex obstacles while maintaining swarm connectivity, as
shown in Fig. 4c-d and Fig. 5c-d. However, the constraint
count per agent grows quadratically, creating scalability chal-
lenges for dense swarms in obstacle-rich environments. The
computation complexity increased from O(N) to O(N?).

Fig. 6. Time evolution of the unicycle swarmalator system at different time
instances with various obstacles in local control. The snapshots correspond
to when 2 s, 10 s, 16 s, and 20 s have passed.

As illustrated in Fig. 6, we demonstrate how a swarm of
unicycle swarmalators can navigate through an environment
densely populated with diverse obstacles. By leveraging the
combined capabilities of CLFs and CBFs, the system ensures
collision-free trajectories with both obstacles and neighbor-
ing agents, all while maintaining the desired collective path.
This fluid-like maneuverability highlights the effectiveness
of the integrated CLF-CBF framework in guiding robotic
swarms through complex terrains. In addition to obstacle
avoidance, Fig. 6 shows that all agent phases converge to
the same value even under local control and non-holonomic
constraints.

C. Control Performance Evaluation

In this subsection, we evaluate the swarmalators’ obstacle
avoidance performance by examining the barrier function
b(x), which reflects each agent’s proximity to obstacles.
Fig. 7 shows how b(x) varies over time for a single-obstacle
scenario under both global and local control. Specifically,
we test the omnidirectional and unicycle models in the
same configuration as in Fig. 4a/c, and the bicycle model
as depicted in Fig. 5a/c. Because the bicycle simulation is

350

— Omni global

— Omni local
Unicycle global
Unicycle local

— Bicycle global
Bicycle local

. . . . . )
500 1000 1500 2000 2500 3000
Time step

Fig. 7. Temporal evolution of the barrier function b(x) for a single-obstacle
scenario under both global and local control, comparing omnidirectional,
unicycle, and bicycle models. b(x)mqn > 0 denotes safety guarantees.

conducted in a larger domain, its b(x) curve is generally
higher. For the local control setting (detailed in Sec. VI-B.2),
we record, at each time step, the minimum value of b;,, (x;)
among all agents. During the initial few hundred time steps,
the swarmalators gather and begin to follow the trajectory;
as they approach the obstacle, b(x) drops close to zero.
Once the swarmalators cohesively bypass the obstacle (global
control) or independently move around it (local control), b(x)
rises again until the agents reach their target position.

TABLE I
CONTROL PERFORMANCE METRICS

Global Control | Local Control

Dynamic  b(X)min ~ @min | ®(X)min  dmin

Omni 0.0012 0.0002 0.0001 0.0001
Unicycle -0.1058  0.0820 | -0.0424  0.0690
Bicycle -0.3080  0.1765 -0.3481 0.0563

In Table I, the entry b(xX)min represents the lowest value
of the barrier function b(x) observed across the entire
simulation, while d,,;, denotes the smallest true edge-to-
edge distance between any agent and the obstacle. In our
implementation, the obstacle radius used inside the control
barrier function is defined slightly larger than the actual
obstacle radius, so that even if b(x) dips below zero due
to dynamics coupling, the actual clearance d(x) remains
strictly positive. This ensures that collisions are avoided in all
tested scenarios. We perform five trials for each setting and
list the average values. From a theoretical standpoint, CBFs
guarantee safety by maintaining b(x) > 0. However, the
negative b(X )iy values in Table I stem from how we couple
the swarmalator model with robot dynamics in Section VI-
B.2. One possible remedy is to employ an additional “safety
filter,” such as BarrierNet [31], which would explicitly
enforce b(x) > 0 at every step. While such filters can
eliminate boundary violations, they typically require solving
an additional optimization problem at each control step,
which increases computational overhead especially for large
swarms.

Nonetheless, the values of d,;, in Table I confirm that
collisions do not occur in practice. For the omnidirectional
model, b(x) remains strictly positive, indicating consistent
satisfaction of the barrier constraints. In contrast, the unicycle
model exhibits slight dips below zero due to orientation lag
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when aligning with the desired heading; to mitigate this
effect, we set the safety radius 7 to twice the agent’s physical
radius. Similarly, for the bicycle model, a larger turning
radius led us to triple the agent’s radius when defining r.
These results validate that, despite brief negative values in
the barrier function, d,;, > 0 at all times, ensuring that
agents safely circumvent obstacles in all tested scenarios.

D. Object Transport

Ring-like collective behaviors in swarmalators can serve
a practical purpose by enabling the swarm to encapsulate
and transport an object. Specifically, when the agents form a
closed circular formation around the target, they effectively
“trap” the object within the swarm, allowing coordinated
motion to move it from one location to another.

To illustrate this capability, we choose parameters A = 1,
B =1.5,J =1, and K = 0. These values provide sufficient
inter-agent spacing to accommodate an object, which has
a radius of 0.5. As shown in Fig. 8, the object initially
acts as an obstacle that the swarmalators must approach
and surround via local control. Once the ring formation is
established, the object is then treated as a payload that the
group can push and guide along a desired trajectory. When an
agent enters the object’s contact radius, its velocity command
is set to zero to anchor the payload, and the object is then
given a kinematic velocity equal to 0.1 times the agent’s
velocity in the same direction, with the 10% factor modeling
the object’s light inertia. Here, the 0.1 scaling factor is a
simplifying estimate of the weight ratio between an agent and
the payload, modeling the case where an agent transfers its
motion to a light object via pushing; extensions to heavier or
attached payloads could incorporate more detailed dynamics
(e.g., frictional contact or rigid coupling).

Both global and local control strategies can facilitate
this form of collaborative transport while avoiding other
obstacles along the way. In Fig. 8a, the combination of local
and global control enables the swarm to bypass a circular
obstacle, carrying the object safely around it. In Fig. 8b,
local control is sufficient to guide the swarm through a
narrow corridor, showcasing the flexible application of CBFs
to achieve a smooth passage in constrained environments.
Currently, the capture moment is determined by simulation
timesteps; however, if the obstacle’s position is known, it is
also possible to automatically determine whether the object

(a)

Fig. 8. Unicycle swarmalators transporting an object through global and
local control. The red circle indicates the object to be transported, while the
black circle and gray rectangles represent obstacles. (a) Combining Local
Control and Global Control. (b) Using Local Control Only. Snapshots are
shown at 2's,8 s, 12's, 16 s, and 20 s.

is encapsulated by comparing the obstacle’s position with the
centroid of the collective and applying a suitable threshold.

To further quantify the swarm’s transport capability, we
ran a parametric study (shown in Fig. 9) varying both the
number of agents and the passage width, while keeping
the same object (radius = 0.5) and overall parameters as
in Fig. 8b. We consider the task successful if the object’s
final position ends up within 0.2 units of the specified goal
location. For the omnidirectional and unicycle models, the
repulsion parameter is set to B = 1.5, whereas for the bicycle
model we use B = 5. For the omnidirectional and unicycle
cases (Fig. 9b-c), smaller swarms navigate narrow passages
more successfully, since a high agent density can cause
collisions with the object in very tight spaces. However,
these smaller swarms fare worse when there is greater space
between the obstacles, as they lack enough agents to robustly
push the object along a desired direction. In contrast, the
bicycle model’s larger repulsion parameter B = 5 makes
the agent ring sparser, so fewer agents can result in a lower
success rate: the object is more prone to slipping out of the
swarm ring. Overall, when the object is light enough that a
single agent can move it, two main factors govern success:
whether the swarm can physically pass through the gap, and
whether the agent distribution is compact enough to keep the
object enclosed without causing excessive collisions.

VII. CONCLUSION AND DISCUSSION

In this work, we integrated the classical swarmalator
model with non-holonomic robot dynamics and demonstrated
that, despite the kinematic constraints of unicycle and bicycle
platforms, the system effectively reproduces the hallmark
behaviors of omnidirectional swarmalators. By incorporating
a two-dimensional control input into the swarmalator equa-
tions, we enabled the robots to steer and avoid collisions
with obstacles, as well as encapsulate and transport objects
through an obstacle-laden environment, all through global
and local CLF-CBF-based strategies.

Our current validation relies on simulation, but the settings
were chosen to closely reflect realistic robotic conditions.
In particular, the control loop runs at a rate consistent
with feasible onboard computation and communication, and
control inputs are applied under a standard zero-order hold
assumption (i.e., each command is held constant until the
next update). Control velocities are bounded to match typical
limits of small robots. Unicycle and bicycle kinematics are
explicitly modeled to capture non-holonomic constraints.
Furthermore, we inflate obstacle and agent radii slightly in
the CBF formulation, ensuring that even under discretiza-
tion, sensing noise, or localization error, the true clearance
remains positive. We also confirmed that the CLF-CBF QPs
solve comfortably within each control period for the swarm
sizes tested. These considerations indicate that the reported
behaviors are not artifacts of idealized simulation, but are
representative of what could be realized in practice. We
also note that, as a reactive method, the CBF controller
may occasionally cause local deadlocks when the swarm
becomes trapped between obstacles. Incorporating a planning
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Fig. 9.
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Object transport experiments. (a) Graphic representation of a gap that an object must be transported through to successfully reach the target

position. (b-d) Transport experiments across a parameter space varying the gap size (dgap) and the number of agents (/N) for the different dynamic models.
(b) Omnidirectional. (c) Unicycle. (d) Bicycle. Color represents the percent of the 10 trials that resulted in successful object transport to the target position
for each of the test cases.

or receding-horizon layer [32] could help mitigate this issue
by adding predictive guidance, though such methods require
additional planning infrastructure and higher computational
cost, which we leave for future work.

While our current work focuses on navigation around and
in between static objects, future research will explore more
challenging scenarios such as dynamic or moving obstacles,
incorporation of physical interactions (e.g., gravity, friction),
and extensions into three-dimensional environments. These
future directions will help us advance our control framework
and enhance its robustness under increasingly realistic and
demanding conditions.
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