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How to control the dynamic behavior of large-scale artificial active matter is a critical concern in experimental research
on soft matter, particularly regarding the emergence of collective behaviors and the formation of group patterns. Centralized
systems excel in precise control over individual behavior within a group, ensuring high accuracy and controllability in task
execution. Nevertheless, their sensitivity to group size may limit their adaptability to diverse tasks. In contrast, decentralized
systems empower individuals with autonomous decision-making, enhancing adaptability and system robustness. Yet, this
flexibility comes at the cost of reduced accuracy and efficiency in task execution. In this work, we present a unique method
for regulating the centralized dynamic behavior of self-organizing clusters based on environmental interactions. Within
this environment-coupled robot system, each robot possesses similar dynamic characteristics, and their internal programs
are entirely identical. However, their behaviors can be guided by the centralized control of the environment, facilitating
the accomplishment of diverse cluster tasks. This approach aims to balance the accuracy and flexibility of centralized
control with the robustness and task adaptability of decentralized control. The proactive regulation of dynamic behavioral
characteristics in active matter groups, demonstrated in this work through environmental interactions, holds the potential to
introduce a novel technological approach and provide experimental references for studying the dynamic behavior control
of large-scale artificial active matter systems.

Keywords: self-organizing system, centralized control, dynamics regulation
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1. Introduction

Precise control of artificial active matter groups is a
pivotal aspect in experimental investigations of emergent
dynamics within active matter.[1–3] Traditionally, chemical
methods have been extensively utilized to induce micro-
scopic movements and interactions among particles in gran-
ular systems,[4,5] leading to the emergence of macroscopic
patterns or phase transition phenomena.[6,7] Additionally, spe-
cialized artificial active materials like Janus particles[8] and
magnetic particles[9] can be manipulated using various stimuli
such as light,[10] magnetic forces,[9,11] and electric fields.[12]

When subjected to external forces or input energy, these
systems demonstrate a wide array of collective behaviors.[1]

Moreover, a burgeoning area of interest involves the explo-
ration of collective dynamics in active matter through the
assembly of robot clusters.[13] Unlike microscopic particles,
robot individuals possess programmable and quantifiable char-
acteristics, offering distinct advantages in the investigation of
active matter systems.[14,15]

In diverse active matter systems, a categorization based
on control methods reveals a distinction, particularly in the
case of centralized control systems. Within such systems, in-
dividual behaviors are regulated by a central entity or device
node.[16] The central node or controller must possess com-
prehensive information about the behavior characteristics and
positions of all individuals,[17] enabling global coordination,
decision-making, and task distribution.[18] For various tasks,
the central entity must formulate distinct control strategies tai-
lored to the task requirements and communicate them to indi-
viduals assigned specific roles. Individuals are also required to
reprogram or adjust their dynamic characteristics and update
their mechanical structures based on task specifications.[19]

These systems exhibit high efficiency in task completion, as
tasks can be meticulously planned,[20] providing each individ-
ual with a clearly defined action path and precise motion in-
structions. However, the computational complexity and con-
trol intricacy escalate rapidly with an increase in cluster size
due to the central node managing information about all in-
dividuals and the environment, as well as devising strategies
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for each individual based on task requirements. Consequently,
this results in a precipitous decline in system control efficiency
and an increased susceptibility to errors.[21]

As a solution to these challenges, eliminating centralized
control and adopting a localized decision-making approach
emerges as an optimized choice for multi-individual cluster
tasks. This decentralized self-organizing system is character-
ized by individuals with similar functions, lacking an inde-
pendent control center within the system.[22,23] Individual pro-
grams are pre-established, allowing each individual to make
autonomous behavioral decisions based on real-time environ-
mental conditions and interactions with others.[24] These sys-
tems display relatively flexible task adaptability and environ-
mental responsiveness.[25] The inherent self-similarity among
individuals contributes to strong functional robustness within
the cluster. A noteworthy feature of self-organizing groups is
their ability to dynamically scale, rendering the group’s func-
tionality insensitive to the quantity of individuals.[26]

The phenomenon of self-organization is prominently ob-
served in various active matter systems, encompassing biolog-
ical communities[27] such as flocks of birds, schools of fish,
and cell colonies, as well as artificial systems like Kilobot,[28]

particle robotics,[29] and vibration-driven robots.[30] Despite
the clear advantages of self-organizing cluster systems, their
decentralized decision-making nature poses challenges in en-
suring global optimality during task execution. Consequently,
compared to centralized planning, decentralized systems often
lag behind in terms of task efficiency and accuracy.

Harmonizing the benefits of both centralized and decen-
tralized systems to ensure task completion efficiency and ac-
curacy, along with maintaining adaptability, scalability, and
flexibility in cluster dynamics, constitutes a crucial challenge
in the study of dynamic behavior regulation. Prior research
has explored various approaches, including the utilization of
multiple central nodes to replace a single node, thereby miti-
gating the complexity of cluster task planning.[31] Some stud-
ies have ingeniously designed group tasks, allowing individ-
ual task adaptability through straightforward macro control,
achieving efficient group task completion without escalating
central control complexity.[16,32] The exploration of informa-
tion sharing among individuals has also been undertaken to
facilitate independent decision-making with global informa-
tion reference, circumventing local optimal solutions and ap-
proximating characteristics akin to centralized control in de-
centralized groups.[33] However, these methods often necessi-
tate individuals with complex functionalities and robust com-
putational capabilities, posing challenges when dealing with
simpler individuals unable to share information.

In this study, we introduce a centralized dynamic behav-
ior regulation method and system for self-organizing clusters
based on environmental influence. Within this system, a de-

centralized self-organizing group of robots has its dynamic be-
havior and tasks regulated through centralized control. Each
robot possesses the ability to perceive the color environment
generated by an LED screen capable of displaying various col-
ors, with a central computer controlling the dynamic changes
in the environment. All robots within the system have nearly
identical structures, functionalities, and programs. Controlling
the local environment of individuals in the group through the
optical environment platform enables indirect control of the
dynamic behavior of individuals.

Through a series of experiments, we demonstrated that
individuals adhered to a consistent phototactic rule in all sce-
narios. Despite their simplicity and inability to share infor-
mation, they accurately and efficiently completed a variety
of group tasks, including formation, transfer, item transporta-
tion, and structural shaping. The group displayed adaptability
to varying quantities, robustness to initial conditions, and in-
terference resilience during operations, achieving the goal of
preserving the advantages of a decentralized system while in-
corporating the efficiency and accuracy of centralized control.
The proposed environment-coupled cluster robot system and
the concept of environmental-based centralized control offer
a new perspective and solution for finely regulating the dy-
namic behavior of active matter clusters. This addresses the
inherent contradiction between centralized control and decen-
tralized features in multi-agent systems.

2. Methods
2.1. Robots and environmental platform

The environment in the real world is often characterized
by complexity and variability, featuring elements that are chal-
lenging to control and quantify. Constructing a simulated en-
vironment for a robotic collective within a laboratory setting
is an optimized choice. Figure 1(a) illustrates the robot used in
this study. Each robot has two symmetrically mounted wheels
that can operate independently, ensuring the ability to move
in any direction. Four color sensors distributed at the bottom
of the robot can independently detect the light intensity in-
formation at four positions, allowing the robot to perceive the
direction of light intensity gradients in the local environment.
The red LED on the top of the robot is used to indicate the
real-time position to the camera system.

Robots move on the LED screen placed on the ground,
serving as the environment, as shown in Fig. 1(b). The dis-
tance between the LEDs on the screen is 1.25 mm, and each
LED can emit colored light of varying intensities indepen-
dently. As the robot moves on the LED platform, it makes
motion decisions based on the light intensity distribution de-
tected by the four color sensors at the bottom. The camera
system above the platform identifies the real-time position of
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each robot through the recognition of the red LED light on the
robot’s top. This positional data is then transmitted in real time
to the control computer on the side.

The computer calculates the next movement direction of
the robot group based on the specific task and updates the
new gradient information on each robot’s bottom. Individuals
change their movement direction upon detecting changes in
light intensity gradients. Thus, a closed-loop centralized con-
trol system is formed, with the computer as the task calculation
center. It plans tasks based on the positions of all robots ob-
tained from the camera and indirectly controls the movement
of each robot by displaying different light intensity gradients

on the platform. It is crucial to emphasize that, in this system,
the central computer does not issue direct commands to the
robots. Instead, each robot’s movement decision is made spon-
taneously based on the detected light intensity gradient infor-
mation. In other words, the central computer can only deter-
mine the environmental information, indirectly influencing the
movement behavior of individual robots, and cannot directly
dictate the specific movements of the robots. The computer
and the robots are two independent decision systems without
direct communication, achieving indirect interaction through
the environment. This approach ensures that the robot group
can maintain decentralized characteristics.

Top viewBottom view Side view

Color sensors Red LED

1.25 mm
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.2

5
 m

m

1.6 m/1280 pixels
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 m

LED light bead
Images

LED screen ixeixels

Linear motion trajectories 

Circular motion
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(c) (d) (e)

(f) (g)

Linear motion
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Top view
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∇Ι
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R=310 mm
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Dd ~ 15 mm
L=750 mm

Start End

Fig. 1. Robot and experimental platform. (a) Structural overview of the robot in different directions. In this work, only partial functionalities of
the robot were utilized. (b) Virtual environment platform constructed by an LED screen, where the robotic collective moves on the LED screen,
and the top camera can track individual positions in real time. The screen is dynamically controlled by a computer to facilitate real-time changes
in the environment. (c) Phototactic motion of the robot driven by light spots with gradient directions. (d) Circular motion of the robot driven by
the light spots. (e) Trajectory plots from 10 consecutive circular motions, revealing a maximum radial error of 18 mm. (f) Linear motion of the
robot driven by the light spots. (g) Trajectory plots from 10 linear motions, indicating a maximum deviation of 15 mm in straight-line motion.

2.2. Methods for driving robot motion

To embody the basic characteristics of self-propelled ac-
tive matter and the adaptability of decentralized groups to di-
verse tasks, in all experiments described below, robots are em-
bedded with an identical motion-driving rule: move along the
direction of the light intensity gradient. The establishment of
this rule is inspired by foraging behaviors observed in the nat-
ural world among organisms such as cattle, sheep, bacteria,
and cells. In this system, color brightness is regarded as re-

source intensity, thus individuals are programmed to move to-

wards areas with higher resource availability. In other words,

the decision for each robot’s movement is based on detecting

the light intensity distribution in its environment and moving

towards the direction of higher light intensity. Figure 1(c) il-

lustrates a schematic diagram of guiding an individual robot’s

movement with a gradient-oriented light spot. When the light

intensities detected by the four color sensors are denoted as I1,

I2, I3, and I4, the individual’s movement speed v is given by
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the equation

vn = κ ·∇I (xn,yn) = κ · [(I1 − I3)− (I2 − I4)] ·d−1, (1)

where κ represents the individual’s sensitivity to the light in-
tensity gradient, and d is the distance between the color sen-
sors. Adjusting κ allows changing the robot’s dynamic re-
sponse to the gradient. Upon perceiving the light intensity gra-
dient, the individual robot executes a single movement step.
However, due to inherent sensor noise in real-world robotic
systems and the relatively coarse-grained nature of detection
by the four color sensors in capturing local gradients, the di-
rection of an individual’s single-step movement may not align
perfectly with the light intensity gradient direction. Neverthe-
less, after each movement step, the robot undergoes a reeval-
uation of environmental information and proceeds to execute
the next movement step. Consequently, despite the initial in-
consistencies, the collective trajectory of the robot individuals
ultimately converges towards the expected set goals.

As depicted in Fig. 1(d), guiding individual robots to ex-
ecute basic circular motion involves specifying the position of
the light spot and the gradient direction corresponding to the
desired circular motion and rotation angle. The trajectory and
deviation after an individual completing continuous rotation
for 10 cycles of circular motion are illustrated in Fig. 1(e). The
actual trajectory exhibits multiple straight-line segments, with
an inner and outer radius deviation of approximately 18.0 mm.
As shown in Fig. 1(f), when guiding individuals to perform
linear motion, it is only necessary to maintain the gradient di-
rection of the light spot and translate the light spot at a constant
speed to drive the individual to generate linear displacement.
Figure 1(g) illustrates the actual trajectory of an individual per-
forming independent linear driving motion for 10 consecutive
times. Due to noise and deviation in motion, the robot’s trajec-
tory may oscillate near the ideal straight-line trajectory, with
a maximum deviation of 15 mm. It should be noted that if
the speed of light spot movement exceeds the robot’s fastest
movement speed, the robot may not keep up with the light
spot, leading to the failure of overall motion. Similarly, for
more complex motion trajectories, changing the light spot’s
position and rotation direction can drive the robot to exhibit
the expected behavioral patterns. When multiple individuals
are present in the environment, different movement patterns
for the group can be achieved by assigning different light spot
positions and directions to each individual.

It is essential to highlight that, compared to fully cen-
tralized control, in this system, individuals can autonomously
handle real-time light gradient information, overcoming sys-
tem noise and motion errors to achieve the central node’s de-
sired movement direction. For instance, when the light spot
is stationary, or its motion speed is significantly slower than
the robot’s speed, individuals will repeatedly move within the

same light spot. This is advantageous for individuals to cor-
rect occasional erroneous movement behaviors. A distinctive
feature of the system lies in its macro-level implementation of
centralized control while preserving decentralized characteris-
tics at the individual behavioral level. Within this framework,
each individual adheres to its internally embedded rule regard-
ing the direction of light intensity gradients. Notably, their
internal programs do not require differentiation among vari-
ous tasks; hence, individuals remain oblivious to macro-level
tasks. This explains the system’s adaptability, wherein the
same program can seamlessly accommodate a diverse range
of tasks.

2.3. Experiment settings

The experiments were conducted within a display area of
1.6 m× 1.6 m on the LED screen. All robots were equipped
with the same program. The set step length for each robot’s
movement was 2 cm. To minimize performance heterogene-
ity among robots, all individuals had the same initial battery
level. The response time for individual localization detection
and environmental updates was approximately 0.2 s.

To verify the system’s ability to handle various task types,
the experiments were divided into four different groups. The
first group focused on static array configurations, evaluating
the ability, efficiency, and accuracy of the group in forming
specific structures through stationary movements. This in-
cluded using 15 robots to construct triangular and circular ar-
ray structures, as well as using 16 robots to form a square ar-
ray. In all three experiments, the initial positions of individuals
were randomly arranged, and the initial positions varied across
three repetitions of the experiment. The target positions were
fixed according to different shapes. Based on the real-time
positions of individuals and their relationship to the target po-
sitions, the light spot drove the robots to move towards the
nearest target point. In cases of target point competition, a
simple principle of proximity rule was applied:

(xaim,yaim) = min
{√

(xn − xi)
2 +(yn − yi)

2
}
,

i = 1,2,3, . . . ,m. (2)

The second group consisted of dynamic migration experi-
ments for the cluster, including three different experiments.
The first involved the collective rotation migration of a trian-
gular array, arranging 15 robots into a triangular array and in-
ducing the group to rotate collectively along one angle of the
triangle under the influence of the light spot. The second ex-
periment featured linear migration in different directions for
a square array, arranging 16 robots into a square array and
driving the group to undergo linear migration under the influ-
ence of the light spot. The third experiment involved 16 ran-
domly distributed robots that, under the influence of the light
spot, gradually converged or diverged in spiral-shaped motion,
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eventually gathering within a fixed rotating orbit. The gradi-
ent direction αn of the light spot corresponding to the position
(xn,yn) of each individual was calculated by

αn = tan−1
(
−xn

yn

)
+

1−
√

x2
n + y2

n√
1+(x2

n + y2
n)

· π

2
. (3)

In the third group of experiments, 16 robots were au-
tonomously and continuously arranged from an initially ran-
domly placed condition to form and deform into each letter
of the word ”ROBOTS”. In the fourth group of experiments,
a box with a weight of 80 g was placed in the middle of 8
robots. The robot group collaborated to push the box along a
predetermined path, exemplifying collective efforts in object
transportation.

3. Results and discussion
3.1. Individual dynamics behavior

The premise of controlling group behavior through envi-
ronmental manipulation lies in the precise regulation of indi-
vidual dynamic behavior. Figure 1(f) illustrates the results of
10 experiments involving the movement of robotic individuals
under spot-induced linear motion. When the speed of individ-
ual robots matches the speed of spot movement, the overall
trajectory of robot motion exhibits minimal deviation from the
predetermined path. However, upon closer inspection of the
motion details as Fig. 1(g) shows, it becomes evident that the
actual robot movement is not a perfectly straight line. Instead,
the robots oscillate left and right along the standard direction
within the spot region. This aligns with the intuition for real
systems, as inherent noise in the display of light color and sen-
sor detection, along with the arrangement of the four color sen-
sors, results in imperfect detection of actual light intensity gra-
dients. Consequently, deviations from the standard direction
are common during actual movements. Nevertheless, as the
robots operate continuously, each movement cycle involves re-
detecting light intensity information before initiating the next
move. This allows the robots to correct directional deviations
over multiple movements, explaining the segmented nature of
the robot’s trajectory. In comparison to linear motion, circular
motion demands more turning actions from individual robots.
This requires high sensitivity to light intensity gradients and
accurate motion and turning capabilities. Figure 1(e) presents
the results of 10 experiments where individual robots executed
circular motion induced by a predetermined spot, showcasing
the remarkable characteristics of the robots in completing cir-
cular motion. The supplementary video 1 presents the dynam-
ics of individual linear and circular motion.

It should be noted that if a robot’s position exceeds the
area of the spot, it may lead to the robot’s front color sen-
sor detecting a black region, causing the robot to perceive the

direction with higher light intensity as behind it. This may
occasionally result in a backward movement. Repetition of
experiments with multiple robots also demonstrates the con-
trollable heterogeneity of the robot group used in the exper-
iments. Continuous linear and circular motion experiments
suggest that, driven by the environmental spot, the robot group
can reasonably achieve both linear and circular motion, indi-
cating the feasibility of using the environment to design and
drive individual behaviors.

3.2. Formation and transition of robot cluster

The establishment of stable and intriguing patterns in de-
centralized artificial active matter groups under specific con-
ditions is pivotal for the exploration of emergent behaviors
within clustered systems. Since each robot in a decentral-
ized group is similar and ignorant of macro-level task de-
tails, achieving clustering generally requires setting interac-
tion rules among individuals, utilizing effects such as repul-
sion and attraction to achieve macroscopic clustering phenom-
ena. In our system, individuals similarly lack awareness of
macroscopic tasks and focus exclusively on executing their
phototactic movements. Macroscopic tasks are decomposed
into individual actions through environmental light spots.

(a4) (b4) (c4)

(c3)

160 s

(c2)

36 s

(c1)

0 s

(b3)

180 s

(b2)

32 s

(b1)

0 s

(a1)

0 s

(a3)

150 s

(a2)

21 s

Initial position
Final  position

Fig. 2. Formation experiments of different cluster arrays. (a1)–(a3) The
robotic collective transitions from an initial state of random distribution
to the formation of a triangular array guided by centralized light spots.
(a4) The actual trajectory plot illustrates the movement of robots from
their initial positions to the target positions. The line segments in the tra-
jectory represent the reselection of target positions for the robots. (b1)–
(b3) The robotic collective gradually constructs a circular outline of the
cluster array from an initially random distribution. (b4) The trajectory
plot depicting the formation of a circular array. (c1)–(c3) The process by
which the robotic collective builds a square array. (c4) Individual move-
ment trajectory plots during the formation of the square array.

Figures 2(a3)–2(c3) respectively demonstrate experimen-
tal results of robot groups forming triangular, circular, and
square arrays from an initially random distribution state in-
duced by environmental light spots. During the process of
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forming each array, each robot is undistinguished, meaning
that in each experiment, robots at a specific target location are
likely to be different. The formation of cluster patterns is in-
sensitive to the initial state of the group; the environmental
driving program can adaptively adjust the positions and di-
rections of the robots, efficiently moving individuals to the
target area based on a proximity principle. During the for-
mation of cluster patterns, simultaneous actions among indi-
viduals may lead to congestion and collisions. Therefore, in
practical implementation, the movement of robot swarms is
dynamically divided into multiple phases based on the initial
positions. Specifically, since individual movements are con-
trolled by a central computer, the system adopts a proximity-
based principle to plan the movement paths of each individual.
If the trajectories of two individuals would intersect, one indi-
vidual will pause and wait for the other to move away before

continuing its motion. Consequently, from the experimental
results, the movement of the swarm naturally divides into mul-
tiple stages, with the next stage of the swarm starting to move
only after individuals in the previous stage have reached their
positions. Thus, although the efficiency of swarm movement
decreases, competition between robots’ paths is avoided, en-
suring the accuracy of task completion. Figures 2(a4)–2(c4)
respectively illustrate the trajectories of individuals moving
from the initial positions to target points when forming three
different cluster arrays. The efficiency of the proximity princi-
ple in achieving targets is evident from the trajectory diagrams.
Inflection points in the trajectories represent the dynamic es-
tablishment of new targets after an individual’s target position
is occupied. Supplementary video 1 illustrates the formation
processes of three different arrays.

115 s0 s 55 s 175 s

60 s 90 s0 s Target circle 30 s

(a1) (a2) (a3) (a4)

(c1) (c2) (c3) (c4)

55 s 115 s 175 s0 s

(b1) (b3)(b2) (b4)

Rotation trajectory of the geometric center 

of the triangular array

Experiment

Ideal

Start

(d) (e)

L=700 mm

Start

Target orbit(f)

R=438 mm

Initial position

27.5 mm

Experiment

Ideal

Translation trajectory of the geometric center 

of the square array

Trajectories of the robots approaching 

the target orbit

R=340 mm

Fig. 3. Dynamic experiments of the cluster. (a1)–(a4) The group in a triangular array collectively rotates around one vertex of the triangle,
maintaining the structure of the cluster array unchanged during the process. (b1)–(b4) All individuals in a square array synchronously undergo
linear migration, demonstrating the capability for parallel migration in different directions. (c1)–(c4) The group gradually converges from an
initially scattered state to moving along the same circular orbit through curved movements. (d) Comparison between the geometric center
trajectory and the ideal trajectory during the collective rotation of the triangular array. (e) Comparison between the geometric center trajectory
and the ideal migration trajectory during the continuous linear migration of the square array. (f) Individual trajectories illustrating the gradual
convergence of the robot group from an initially scattered state to moving along the same target orbit.

Static cluster array experiments have successfully show-
cased the accuracy and efficiency of environment-driven self-
organizing groups in configuring cluster formations. However,
the migration of active matter groups presents an additional
challenge. As depicted in Figs. 3(a1)–3(a4), experimental re-
sults illustrate a robot group rotating collectively around one
vertex of a triangular array. In Fig. 3(d), the alignment of the

ideal trajectory and the actual trajectory of the group center
during the rotation process closely match, affirming the suc-
cess of the rotational movement. Figures 3(b1)–3(b4) portray
an experiment where the robot group undergoes parallel mi-
gration while steadfastly maintaining the cluster pattern. Fig-
ure 3(e) further demonstrates that, during migration, the ideal
trajectory and actual trajectory exhibit only a 27.5 mm discrep-
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ancy at turning points, attesting to the system’s high accuracy
in movement. In the realm of active matter, groups often form
dynamic colonies with specific geometric structures, capable
of flexible migration in the environment — examples include
flying flocks of birds, swimming schools of fish, or mobile
ant colonies. Such dynamic cluster migration necessitates the
maintenance of relative positions among individuals while mi-
grating in a predetermined direction. The experimental results
of the robot group effectively showcase the characteristics of
typical cluster rotation and migration. Despite their individual
lack of awareness of the overall situation, these robots adeptly
execute meaningful cluster behaviors on a macroscopic scale
during their individual movements.

When the cluster’s objective is not a specific target po-
sition or direction but rather a target area, the group demon-
strates a dynamic adaptive process toward the goal. As de-
picted in Figs. 3(c1)–3(c4), the scenario unfolds as the group
transitions from a random dispersion to moving along a pre-
defined circular orbit. The angle of each individual toward the
orbit increases proportionally with its distance from the tar-
get orbit, eventually resulting in all individuals converging in
a curved motion onto the same circular orbit, maintaining dy-
namic movement. Figure 3(f) shows the trajectories of each
robot moving to the target orbit. In this experimental pro-
cess, the environmental program adapts to the robot’s posi-
tion and quantity. The number of robots can dynamically in-
crease or decrease, and the robot’s position can be disturbed
or disrupted. Nevertheless, the group can reassemble on the
orbit, showcasing robustness in face of challenges. This scal-
ability and robustness arise from the decentralized nature of
the group. Supplementary video 2 showcases the processes of
group rotation, migration, and dynamic aggregation.

3.3. Complex group tasks

In the aforementioned experiments, both the robot group
and the environmental system successfully executed individ-
ual tasks. To verify the system’s ability to adapt to continuous
tasks, figures 4(a1)–4(a12) show the robot group achieving a
continuous transformation of the cluster configuration to form
the word “ROBOTS” from the first letter “R” to the last letter
“S”. In this experiment, the initial positions of the robots were
randomly placed, and the robots were dynamically planned to
the corresponding positions of the letters. After completing
one letter, it served as the initial state to construct the next
letter. During the letter transformation process, if consecu-
tive pairs of letters occupy the same position, individuals posi-
tioned at those specific locations do not need to move further.
The vacant positions will be filled by neighboring robots. De-
termining which individuals need to move and which ones can
remain stationary is centrally computed by the central com-
puter. The total duration for completing all letters continu-

ously is approximately ∼ 15 minutes. The implementation of
continuous tasks imposes high requirements on the stability
and accuracy of each individual in the cluster, demonstrating
the cluster’s continuous adaptability to diverse tasks.

Collaboration is a crucial topic in tasks involving intel-
ligent agents in active matter clusters, such as ants cooperat-
ing to transport large food that cannot be handled by a single
ant. Many artificial active matters can also cleverly achieve
significant group functions by aggregating a large number of
individuals. Figures 4(b1)–4(b3) illustrate the experimental
results of a robot group cooperating to transport a target ob-
ject (a cardboard box) along a specific route. The individuals
in the cluster not only apply force to the target object but also
play a crucial role in maintaining the position of the target ob-
ject within the cluster. This experiment verifies that the system
can exert an influence on the target object based on the cluster,
in addition to position-based tasks. Supplementary video 3
presents the experiments where a robot group accomplishes
continuous deformation tasks and collaboratively transfers the
target object.

It is worth noting that in all the different tasks described
above, the actual running paths of the robots are not pre-set
but dynamically planned based on the actual situation during
task implementation. Therefore, even if a robot experiences a
decrease in operational efficiency or accuracy due to malfunc-
tions or unstable performance, it does not affect the overall
task implementation, with the trade-off being an extended time
requirement. Thus, from a technical perspective, the system’s
resistance to interference during the experiment is extremely
strong.

Compared to a central computer issuing very specific mo-
tion path planning to each individual, and even detailing each
behavior, this system’s central control node only needs to com-
pute the overall movement trajectory, without concerning itself
with the specific movement details of each individual. This re-
sults in lower efficiency compared to artificial potential field
path planning systems, but it maintains advantages in terms
of computational burden and complexity at the central node.
Additionally, since individuals in this system cannot directly
communicate with the host, they cannot obtain real-time in-
formation regarding the calculated individual movement speed
and direction based on artificial potential field theory. This is a
limitation of the system, but it also suggests that when a group
cannot directly communicate with the host, programmable en-
vironments can be considered to achieve similar effects. By
accurately calculating the gradient of each individual’s spot
using artificial potential field theory and avoiding positional
competition among them, it may be possible to further enhance
the system’s efficiency.

From a theoretical standpoint, as macroscopic tasks tran-
sition from simple to complex, the complexity increase is pri-
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marily reflected in the increased computational demands on
the central computer serving as the control node. Conse-
quently, the system’s complexity can be significantly reduced.

This highlights the advantage of using centralized control to
drive decentralized groups through the environment to com-
plete macroscopic tasks in a localized manner.

(a1) (a2) (a3) (a4)

(a5) (a6)

(a9) (a10) (a11) (a12)

(a8)(a7)

(b2) (b3)(b1)
18.5 mm

19.0 mm

5.0 mm

Fig. 4. Experiments of robots completing complex tasks. (a1)–(a12) The robot group continuously completes the shaping and deformation of the
six letters in “ROBOTS” from an initially scattered state. The starting point of the deformation for each letter is the endpoint of the preceding
one. (b1)–(b3) Eight robots collaborate in transporting a target cardboard box through a narrow passage. Throughout the transportation process,
the relative positions of individuals within the group remain unchanged.

4. Conclusion
In the realm of artificial active matter systems, achiev-

ing flexible control is a critical imperative for experimen-
tal research. However, common systems, whether central-
ized or decentralized, exhibit inherent limitations, including
issues with individual adaptability, sensitivity to quantity, and
efficiency–accuracy trade-offs. In response, we propose and
validate a novel approach to centrally control the dynamic be-
haviors of self-organizing clusters through environmental in-
teractions within an environment-coupled swarm robotics sys-
tem. In this system, we demonstrate that individual robots,
equipped with a simple phototactic rule, can collectively ad-
dress macroscopic tasks guided by a central computer. This
central node dynamically plans ideal paths based on task re-
quirements and real-time cluster positions, inducing individ-
uals to move through the display of light spots with intensity
gradients on the environmental platform. Remarkably, indi-
vidual robots autonomously handle system noise, anomalies,
and heterogeneity, successfully accomplishing macroscopic
tasks of varying complexities.

We quantify the feasibility and accuracy of this concept
by driving individuals to perform linear and circular motions.
Then, we arrange randomly placed clusters into typical trian-
gular, circular, and square arrays, validating the ability of the
system to form static patterns. Furthermore, through experi-

ments, we confirm that the system can not only manipulate the
formation of specific arrays but also drive the entire cluster to
rotate or migrate collectively. Additionally, experiments with
dynamic circular target trajectories demonstrate the dynamic
attributes of the cluster when adapting to broad objectives. To
explore the system’s capability to accomplish more complex
tasks, we validate its dynamic adaptability by having the clus-
ter continuously transform into multiple letters in a single task.
Moreover, by mimicking ants carrying food, we demonstrate
that this cluster system can also accomplish the task of trans-
porting a target along a predefined route, showcasing the clus-
ter’s ability to interact with external systems.

This series of static, dynamic, and complex tasks thor-
oughly illustrate the characteristics of centralized control
based on environmental influences for self-organizing clusters.
It is noteworthy that in all the described experiments, the in-
ternal code and rules of the robots remained unchanged, em-
phasizing the diverse functionality and robust performance in-
herent in self-organizing groups. Furthermore, in this system,
the central control node can customize the drive for each indi-
vidual according to macroscopic task requirements. However,
compared to traditional multi-agent control systems, the cen-
tral control node in this system does not need to compute every
detail of each individual’s actions; it only needs to provide an
ideal task completion path. The details of task implementation
can be actively adjusted and corrected by the adaptability of in-
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dividual robots to the environment. Thus, the system ensures
the accuracy and efficiency of centralized control, reducing the
computational pressure on the central node.

This system and method can be employed for interven-
tions requiring movement of particle swarms in active mat-
ter experiments. Apart from considering single-point control
methods such as laser spot driving or bulk control methods
like heating, a programmable environmental platform (utiliz-
ing light, electricity, heat, magnetism, etc.) can be designed.
This allows particles with environmental field sensing capa-
bilities to exhibit centralized control effects without altering
their own attributes. This facilitates functionalities such as ar-
ranging, moving, forming, and deforming of particle swarms,
presenting a more flexible approach to swarm control.

In conclusion, we demonstrate that self-organizing clus-
ters, under the centralized control of a central node based on
environmental interactions, can simultaneously encompass the
performance robustness, functional diversity, and environmen-
tal adaptability of decentralized self-organizing systems, as
well as the efficiency and accuracy characteristics of central-
ized control systems in implementing macroscopic tasks. This
provides a new technical approach and experimental reference
for the study of dynamic behavior control in active matters,
especially for large-scale artificial active matter systems.

Acknowledgments
Project supported by the National Natural Science Foun-

dation of China (Grant No. 12174041), China Postdoctoral
Science Foundation (CPSF) (Grant No. 2022M723118), and
the seed grants from the Wenzhou Institute, University of Chi-
nese Academy of Sciences (Grant No. WIUCASQD2021002).

References
[1] Nagel S R 2017 Rev. Mod. Phys. 89 025002
[2] Bechinger C, Di Leonardo R, Löwen H, Reichhardt C, Volpe G and
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