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In classical matter systems, typical phase-transition phenomena usually stem from changes in state variables, such as
temperature and pressure, induced by external regulations such as heat transfer and volume adjustment. However, in active
matter systems, the self-propulsion nature of active particles endows the systems with the ability to induce unique collective-
state transitions by spontaneously regulating individual properties to alter the overall states. Based on an innovative robot-
swarm experimental system, we demonstrate a field-driven active matter model capable of modulating individual motion
behaviors through interaction with a recoverable environmental resource field by the resource perception and consumption.
In the simulated model, by gradually reducing the individual resource-conversion coefficient over time, this robotic active
matter can spontaneously decrease the overall level of motion, thereby actively achieving a regulation behavior like the
cooling-down control. Through simulation calculations, we discover that the spatial structures of this robotic active matter
convert from disorder to order during this process, with the resulting ordered structures exhibiting a high self-adaptability
on the geometry of the environmental boundaries.

Keywords: active matter, robot swarm, collective-state transitions, environmental self-adaptability
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1. Introduction
The phase transition is not only relevant to a variety

of daily physical occurrences, but is also important in ad-
vanced scientific researches such as superconducting transi-
tion, making it a hot topic in physics. In traditional equi-
librium matter systems composed of passive particles, typical
phase-transition phenomena often require interactions with the
external environment through physical processes such as heat
transfer and mechanical work. However, in the realm of non-
equilibrium active matter, which encompasses a wide array
of self-propulsion particle systems[1–8] ranging from macro-
scopic bird flocks and fish schools to microscopic entities like
cells and slime molds in nature, as well as artificially designed
nanomotors and microswimmers, there is a multitude of novel
collective states and transitions induced by their inherent phys-
ical mechanisms, necessitating a comprehensive research.

For active matter systems that transform external energy
to drive individual motions, changes in the individual in-
ternal properties affecting the individual propulsion strength
can also lead to variations in the overall motion states of
the systems,[9,10] thereby triggering significant and unique

collective-state transitions. For instance, in the systems com-
posed of structurally simple active colloidal particles,[11–13]

individual propulsion strength is often correlated with the rates
of chemical reactions occurring on individual surfaces, hence
changes of individual surface properties can induce system-
wide state transitions as the reaction proceeds. Further, the
motion of biological entities is regulated by more complex in-
ternal processes such as protein expression regulation and in-
formation processing. Therefore, individual internal factors
such as the sensitivity to stimuli, energy conversion efficiency
and decision-making strategies all play crucial roles,[14–18]

closely related to collective-state transitions in important bi-
ological processes such as embryonic development, wound
healing and animal migration.

On the other hand, due to the complex and dy-
namic direct-interactions and environment-based indirect-
interactions among active matter individuals,[19–28] the micro-
scopic quantification, analysis, and control in the rich collec-
tive phenomena of traditional active matter systems often face
challenges. In recent years, the rapid development of robotic
active matter has solved these problems in a sense and shown
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impressive potential in deeply studying and applying funda-
mental principles of active matter.[29–36]

Based on an innovative robot-swarm experimental
system,[37,38] we have constructed an environment-interacting
field-driven active matter model. In the robotic system and
corresponding simulated model, individuals sense and con-
sume recoverable environmental resources, determining their
own movements based on the principle of seeking the maxi-
mum resource intensity, thereby exhibiting a field-driven mo-
tion pattern coupled with the environmental resource field.
During this process, the individual resource-conversion co-
efficient dictates individual speed after sensing the resource
gradient. In the simulated model, by linearly decreasing the
resource-conversion coefficient with time, the overall motion
level of the virtual swarm gradually diminishes over time,
spontaneously showing collective-behavior changes as if con-
trolled by the effect of decreasing temperature. Simulation
results indicate that during this regulation process, the order
parameter ψ6, which characterizes the degree of spatial order
of the virtual robot swarm, gradually increases, demonstrat-
ing a disorder-to-order collective-state transition of the swarm.
To investigate the influence of the geometry of the virtual
environmental boundaries on the final spatial distribution of
the virtual robot swarm, we conducted identical spontaneous-
cooling-regulation simulations under different regular polygon
boundaries. We found that the eventual spatial distribution
states of the virtual swarm were dependent on the geometry
of the environmental boundaries, showing a high environmen-
tal self-adaptability.

2. Methods
2.1. Robot–environment–interaction experimental system

In our previous work, we have built a robot–environment–
interaction experimental system, which is composed of the
robot swarm and the LED platform, to study the collective be-
haviors in active matter, and many unique physical phenomena
have been observed.[37,38] In this paper, we use a simulated
model to further investigate this robotic system. The main
rules and key features of this robot–environment–interaction
experimental system are introduced in the following content,
and the corresponding simulated model is exhibited in Subsec-
tion 2.2.

As shown in Fig. 1(a), in our environment-coupled robot
swarm experimental system, individual robots can sense the
local light resource intensities at their current positions and af-
fect the environment by consuming the light resources. Mean-
while, the gradually recovering environmental resource field
can, in turn, influence the robots’ movements through tem-
porarily keeping the information left behind by the robots. The
mutual influences between the robots and the environment en-
dow the swarm with the field-driven collective behaviors.

Specifically, the robots move along the directions towards
the maximum light resource intensity based on the local light
resource gradients. In other words, the instantaneous speed
of an individual robot depends on the magnitude of the local
light resource gradient at its position and the robot’s conver-
sion ability on the light resource gradient, with the direction
of motion consistent with the direction of the local light re-
source gradient, which means

𝑣n = kn(t)∇I (xn,yn; t) , (1)

where 𝑣n represents the velocity of the n-th robot at time t,
kn(t) represents the conversion coefficient of the robot n on
the light resource gradient at time t, and ∇I represents the
gradient of the local light resource at the position of the n-
th robot. Similar to biochemical active matter systems, as one
of the individual internal parameters, kn(t) can vary with time
t. According to Eq. (1), the robots can be constrained to move
within a fixed boundary by setting the initial distribution of
light resource field. For instance, as shown in Fig. 1(a), the en-
vironmental resource field is set within a circular boundary as
indicated by the dashed line. To provide resource gradient in-
formation at the environmental boundaries, the light resource
intensities outside the boundaries are softened according to a
fixed Gaussian width σo, which is much less than the boundary
radius Ro.

On the other hand, at any given moment, an individ-
ual robot consumes environmental light resources in a two-
dimensional (2D) Gaussian distribution centered at its own
coordinate. The sum of all robots’ consumption causes an in-
stantaneous decrease of the intensity at the position (x,y) of
the light resource field 𝐼 as

∂t I (x,y) =−∑n kc exp
(
−
[
(x− xn)

2 +(y− yn)
2 ]

2σ2

)
, (2)

where xn and yn are the position coordinates of the robot n,
kc represents the depth of the robots’ resource consumption,
and σ is the standard deviation of the Gaussian distribution
of the consumption, which determines the spatial shape of the
consumption interaction.

Combining the resource consumption with the resource
search, individual robots can engage in field-driven motion as
shown in Fig. 1(b). At time t0 before the experiment, when
the robot is not activated, it does not consume the local envi-
ronmental resource, and its velocity is zero. At time t1, after
the robot has been activated, the local environmental resource
is consumed, but the symmetric distribution of the residual re-
source shadow makes the robot remain stationary. At time
t2, due to the slight perturbations from the noises in the re-
source intensities or individual perception, the symmetric dis-
tribution of the residual resource shadow is broken, enabling
the robot to detect a non-zero light resource gradient, thereby
driving its movement. At time t3, because of the positive feed-
back mechanism composed of the directional movement and
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the resource consumption, the robot continues its movement,
resulting in the field-driven motion. Significantly, the local-
ity of the individual perception and consumption also endow
the field-driven motion with the ability to partly counteract the
global resource gradients, resulting in richer collective behav-
iors. Because the non-zero resource gradients impart the desire
of the motion to the robots and the movements of the robots
on the platform with high friction coefficient are completely
controlled by the internal motors, once all gradients are re-
moved, the moving robots should immediately stop at the next
timestep. Thus, another key characteristic of this field-driven
active matter is that they do not have the physical inertia.

After the robots go away, as shown in Fig. 1(c), consumed
resource field will slowly recover with time, and the recovery
rate of the environmental resource is defined as

∂t I =
1
τR

(Io− I∗) , (3)

where τR is the characteristic time of the resource recovery, Io

and I∗ are the light resource intensities at the same position re-
spectively at the initial time and the current time. Combining
the resource consumption with the resource recovery, the in-
stantaneous change of the light resource field can be calculated
as

 ∂t I = 1
τR

(Io− I∗)−∑
n

kc exp
[
−
[
(x− xn)

2 +(y− yn)
2 ]

2σ2

]
, when I∗ > 0,

∂t I = 1
τR

(Io− I∗) , when I∗ = 0.
(4)

When there is more than one robot, the interaction among
the robots is indirectly achieved through the environmen-
tal resource field, as shown in Fig. 1(d). When the black
shadow regions left by two robots consuming environmen-
tal resources overlap, there is a mutually repulsive effect be-
tween the robots, causing them to move away from each other.
Specifically, when two robots approach each other, there is a
moment t0 when the gradients of the light resource field around
the robots are zero, and consequently, the robots are stationary.
However, this stationary state is unstable. At time t1, the con-
tinued superposition of the resource consumption generates
the light resource gradients opposite to the previous motion
directions, causing the robots to move in the opposite direc-

tions. At time t2, as the two robots move in opposite directions,
the environmental resource field experienced by the individual
robot is similar to that at time t3 in Fig. 1(b), causing the two
robots to move away from each other under the influence of
the field-driven effect, until the consumption ranges of the two
robots no longer overlap, thus terminating their interaction. In
a word, the entire robot swarm leaves delayed temporal and
spatial information in the environment through the resource
consumption, enabling rich interactive information exchange
between the different robots and between the robots and the
environment, resulting in various interesting and novel collec-
tive behaviors.

Consumption
overlap

Repulsive
interaction

Consumption
non overlap

Recovering environment

No resource 
consumption

With resource
consumption

Field driven
motion

Symmetry
breaking

(b)(a)

(c) (d)

t0 t1 t2
t0 t1 t2

t0 t1 t2 t3

t0

V0/

V0/

∇I/ ∇I/ ∇I ≠  V            ∝ ∇I

V1/ V2 V3

t1 t2 t3

V2

↩V1 V1 ↩V2 V2

V3

Fig. 1. Key mechanisms in the robot-swarm active-matter experimental system and the corresponding simulated model. (a) Schematic diagram for the
robot-swarm active-matter experimental system. The square region represents the platform where the robot swarm is situated. The platform consists of LED
lights, with a white light resource field distributed in the middle. Robots move along the directions of the resource gradients, simultaneously consuming light
resources and leaving shadows at their current positions. The white dashed line marks the boundary of robotic movement. (b) The interaction process between
a single robot and the environmental resource field. The robot consumes resources at its current position while moving along the direction of the light resource
gradient, resulting in a field-driven motion. (c) The recovery process of environmental resource field. At time t0, there exists a distribution of light resource
field with consumption. At time t1 and t2, the recovery process of the environmental field is shown, where the recovery rate of the environment depends on
the characteristic time τR. (d) Interactions between robots are indirectly generated through the environmental resource field. The overlapping of shadows
generated by adjacent robots through the environmental resource field results in a repulsive effect between them.
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2.2. Simulation model and procedures

To make further investigation on this robotic system in
a more efficient way, we have constructed a simulated model
to recapitulate the main collective phenomena in the experi-
mental system. This simulated model retains all the motion
rules of the real robots and adds a few new rules to the virtual
robots to simulate the physical effects of the robotic entities.
Each individual virtual robot is simplified as a 2D small disk
in our simulated model. The initial position and orientation
of each virtual robot are fully randomized at the beginning of
each simulation to ensure that the results are independent of
the initial spatial distribution of the virtual robots. At the start
of each simulation, each virtual robot is given a random startup
velocity. At any given time, an additional small positive re-
source gradient is applied to each virtual robot to simulate the
effect of the positive feedback mechanism observed in the real
robotic experiments. A symmetrical method is applied to deal
with the overlapping of two virtual robots. Although there
are some differences in dynamic flow, transient-state perfor-
mance and quantitative details between experimental and sim-
ulated results, this simulated model has proven to be effective
to study the spatial structures of the robot swarm.[38] Later in
the article, all the results come from our simulation.

In all simulations, the radius of each individual virtual
robot is set to 1 pixel. The truncation radius of the resource
consumption for each individual virtual robot is set to 10 pix-
els, the consumption depth kc is set to 15, the standard de-
viation σ of the Gaussian distribution of the consumption is
set to 3 pixels, and the characteristic time τR of environmental
recovery is set to 15 timesteps.

In the researches of active matter, both the strength of in-
dividual self-driven motion and environmental boundary ef-
fects play crucial roles in shaping collective behaviors. In
this simulated model, the individual virtual robots can con-
trol own self-driven motion strength through regulating their
conversion coefficients on the local light resource gradients.
Hence, we can use the computer simulation to investigate the
impact of the spontaneous regulation on the collective behav-
iors. For simplicity, as shown in Fig. 2(a), in this study the
resource-conversion coefficient kn(t) of each virtual robot de-
creases linearly from 2 pixel/timestep to 0 with time, which
means the maximum speed of the individual virtual robots
should decrease with time, leading to a synchronized decrease
in the kinetic energy of the robot swarm. In Fig. 2(a), I, II,
and III respectively demonstrate the movement states of indi-
vidual virtual robots under different kn(t) values. This effect
is similar to the cooling process in classical physical systems,
hence we term it as a spontaneous cooling regulation. In these
simulations, 35 virtual robots move within a circular resource

field with a radius of 25 pixels.
On the other hand, to study the influence of different envi-

ronmental boundary shapes, we conducted the computer simu-
lation to analyze and compare this regulatory effect using dif-
ferent shapes of regular polygon boundary conditions. In these
simulations, within a regular polygonal area with an external
circle radius of 40 pixels, 50 virtual robots move in the re-
source field.

2.3. Analysis methods

We used Voronoi tessellations[39] to preliminarily ana-
lyze the spatial distribution characteristics of the virtual robot
swarm. The Voronoi tessellations divide the whole plane into
different regions based on the spatial coordinates of the virtual
robots, where each region contains only one virtual robot, and
any position within the region is closer to the position of this
virtual robot than to any positions of other virtual robots. By
dividing the Voronoi cells, we can calculate the distribution
of distances between the nearest-neighboring virtual robots at
any given time and quantify how these distances change over
time.

Furthermore, we use the hexagonal crystal parameter ψ6

to characterize the degree of order of the spatial distribution
of the virtual robot swarm. ψ6 is a parameter describing the
sixfold rotational symmetry in the arrangement of particles or
atoms, commonly used to describe the order of 2D structures
such as liquid crystals, crystals and glassy states.[40,41] ψ6 is
defined as

ψ6 =

〈
1

N j

N j

∑
j′=1

e i6θ j j′
〉

bulk
, (5)

where N j is the total number of nearest neighbors to virtual
robot j, θ j j′ is the angle between the vector connecting the
virtual robot j with its nearest neighbor virtual robot j′ and
any fixed reference axis, and 〈·〉bulk denotes averaging over all
virtual robots but excluding the ones at the outermost periph-
ery of the virtual swarm.

3. Simulation results and discussion
3.1. Disorder-to-order transition induced by spontaneous

cooling regulation

As the resource-conversion coefficient kn(t) decreases
linearly with time in the spontaneous cooling regulation sim-
ulations in the circular resource field, the maximum and aver-
age speeds of the individual virtual robots do also decrease, as
shown in Fig. 2(b). Notably, the change trends of the maxi-
mum and average speeds are not completely consistent at the
initial stage, because the movements are mainly influenced by
the extra random startup velocities at that stage and subse-
quently rely on the resource-gradient-driven motion. With the
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decrease of the movement speed during the spontaneous cool-
ing regulation, the virtual robot swarm’s spatial distribution,
which is represented by the cells partitioned using Voronoi
tessellations, and the distribution of distances between each
virtual robot and its nearest neighbors both gradually evolve,
as shown in Figs. 2(c1)–2(c3) and 2(d1)–2(d3). The white
disks in the Voronoi cells represent the virtual robots, and
the circular boundary of the environment is outlined with the
dashed lines. Figures 2(c1) and 2(d1) show the spatial and
nearest-distance distribution of virtual robots at 100 timesteps,
where Voronoi cells are uneven in size and shape, the dis-
tribution of environmental resource shadows is uneven, and
the distribution of nearest-distances is relatively uniform, with
the Gaussian fitting result being relatively flat. As shown in
Figs. 2(c2) and 2(d2) at 6100 time steps, Voronoi cells gradu-
ally approach polygons and the areas of different cells tend to
be consistent, while the distribution of nearest-neighbor dis-
tances gradually converges toward a specific value, as con-
firmed by the Gaussian fitting result. At 12190 time steps, as
shown in Figs. 2(c3) and 2(d3), Voronoi cells closely resem-
ble polygons with nearly equal areas, while the distribution of
nearest-neighbor distances becomes a sharp peak. Moreover,
a clear concentric layering can be observed from the center
to the edge of the virtual swarm, forming a hexagonal array.
In summary, the comparison of the spatial and distance dis-
tributions between the initial and final states shows that dur-
ing the slow linear spontaneous cooling regulation process of
the virtual robots, the areas and shapes of Voronoi cells and
the distances between virtual robots gradually become con-
sistent. On the other hand, the order parameter ψ6 provides
a more intuitive representation of the evolution of the order
of the spatial distribution of the virtual swarm. As shown in
Fig. 2(e), ψ6 gradually increases with time and tends toward
a specific value, indicating that the overall structure gradually
approaches sixfold symmetry.

These quantitative changes in the spontaneous cooling
regulation process can be explained by the following evolu-
tion process of the virtual swarm. Initially, the total kinetic
energy of the virtual swarm is high, and the large instanta-
neous movement distances allow the individual virtual robots
to traverse the potential barriers generated by two or more
overlapping consumption regions. As a result, the range of
the individual movement is extensive. Moreover, individual
virtual robots spend relatively little time near the same posi-
tions, resulting in shallow shadows left behind, making the
potential barrier effects in the resource field less pronounced.
Overall, the virtual swarm demonstrates strong fluidity and ap-
pears disordered at this stage. As time progresses, the resource

gradient conversion capability of virtual robots gradually de-
clines, leading to a weakening of their movement capabilities
and a reduction in their ranges of motion. On the other hand,
the regions where virtual robots consume resources gradually
stabilize, and repulsion barriers become stronger, restricting
the movement ranges of individual virtual robots within the
fixed areas generated by surrounding virtual robots’ repulsive
effects. Finally, the overall motion speed of the virtual swarm
becomes very low, and the movement areas of individual vir-
tual robots further shrink, making it impossible for them to
traverse barriers created by other virtual robots. Since the
repulsive effects come from all directions, virtual robots can
only vibrate and adjust their positions near their current loca-
tions. Through continuous adjustment, these individual virtual
robots are eventually distributed uniformly throughout the re-
source field. In conclusion, during the process of spontaneous
cooling regulation in the virtual swarm, there is a significant
change in the swarm’s movement behavior, transitioning from
a highly fluid disordered state to a more stable and uniformly
distributed ordered state. This phenomenon is similar with the
crystallization phenomenon in traditional matter systems dur-
ing cooling.

Moreover, considering that the density and the total num-
ber of the active particles both are key parameters in tradi-
tional active matter systems, we have also done some sim-
ulations to investigate the influence of these two parameters
in the spontaneous cooling regulation process. As shown in
Fig. 2(f), the evolution processes of ψ6 in the spontaneous-
cooling-regulation simulations under hexagon boundaries with
different radii demonstrate that when the density of the virtual
robots decreases with increasing radius of the resource field,
the time point of the disorder-to-order transition becomes later,
and the optimal ordered structure of the virtual swarm appears
at an intermediate density. This biphasic change of ψ6 with
decreasing density may come from two aspects: when the den-
sity is very high, the collision size and exhausted resource field
make it difficult for the virtual robots to move to the symmet-
rical positions. On the contrary, when the density becomes
very low, there is little interaction among the virtual robots
at any time, which also makes the disorder-to-order transition
take a lot of time to achieve. On the other hand, as shown in
Fig. 2(g), the evolution processes of ψ6 in the spontaneous-
cooling-regulation simulations under the triangle boundaries
with the same density and different total-numbers of the virtual
robots demonstrate that a larger swarm makes the final spatial
structure more symmetric. This result may be explained by
the average effect of the large-scale swarm on the noise and
defects of the swarm structure.
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Fig. 2. Disorder-to-order collective-state transition under spontaneous cooling regulation in the simulations. (a) The impact of individual resource-conversion
coefficient linearly decreasing over time on the maximum individual speed. The states of individual movement at different time are denoted as I, II, and III.
(b) The variations of maximum and average speeds over time. (c)–(d) The process of the transition of spatial distribution of the virtual swarm from disorder
to order over time. Panels (c1)–(c3) depict the distributions of the virtual robots within a circular boundary at 100, 6100 and 12190 timesteps, respectively.
The field is divided into different cells based on the positions of the virtual robots using Voronoi tessellations. Panels (d1)–(d3) show the distributions of
nearest-neighbor distances between virtual robots at corresponding times. The nearest-neighbor distance refers to the distance between a single virtual robot
and the virtual robot positioned in the adjacent cell. (e) The evolution of the virtual swarm’s order parameter ψ6 over time within a circular boundary. (f) The
evolutions of the order parameter ψ6 over time in hexagon boundaries with different radii. (g) The evolutions of the order parameter ψ6 over time in triangle
boundaries with the same density and different total-numbers of the virtual robots.

3.2. Self-adaptability of spatial structure on boundary ge-
ometry

We have further investigated the influences of differ-
ent geometric shapes of light resource landscape boundaries

on the spontaneous cooling regulation process of the virtual
swarm through the computer simulations. Figures 3(a1)–3(f1)
illustrate the distributions of the initial positions of the vir-
tual swarm within different regular-polygonal environmental
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boundaries at 100 timesteps, while figures 3(a2)–3(f2) de-
pict the distributions of the virtual robots’ positions at 12190
timesteps. Obviously, the comparisons between the initial and
final spatial structures show that the virtual swarms all become
uniformly distributed in the spontaneous cooling regulation
processes under different boundary conditions. Furthermore,
the layered structures within the virtual swarms demonstrate
that the influences of boundary shapes on swarms’ spatial dis-
tributions propagates from the outer region to the inner. Fig-
ure 3(g) illustrates the changes in the average nearest-neighbor
distances of the virtual robots over time under different bound-
ary conditions during the spontaneous cooling regulation pro-

cesses. As time progresses, all the average nearest-neighbor

distances show an overall decreasing trend and eventually sta-

bilize. Finally, the changes in ψ6 of the virtual swarms under

different boundaries are shown in Fig. 3(h), indicating an in-

crease in the order of the spatial distribution of the swarms

over time under different boundary conditions. These results

indicate that the spontaneous cooling regulation processes in

different shapes of regular polygonal boundaries all gradually

transform the virtual swarm from initially highly mobile and

disordered states to stable, uniform and ordered spatial distri-

butions.
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Fig. 3. Disorder-to-order transitions under spontaneous cooling regulation with different environment boundaries in simulations. (a)–(f) The changes of
the spatial distributions of virtual swarms within regions of different boundary shapes of regular polygons with m edges (m= 3, 4, 5, 6, 8, ∞). Panels (a1)–
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The comparisons of various parameters at the final state
between different boundary shapes show the differences of in-
fluences of different regular-polygon boundaries. First, ac-
cording to the Voronoi cells, in the central areas of the virtual
swarms under triangle and hexagon boundaries, the Voronoi
cells exhibit regular patterns of interconnected hexagons,
while under square boundaries, the Voronoi cells resemble
squares. Second, in terms of the absolute values of the average
nearest distances, under triangle boundaries, the spacing dis-
tance of the virtual swarm is the smallest, while under circular
boundaries, it is the largest, as triangles have the smallest area
and circles have the biggest area for a given circumscribed cir-
cle condition. Finally, the final values of ψ6 for triangle and
hexagon boundary shapes are relatively higher, while they are
lower for square and circular boundary shapes. These quan-
titative differences are mainly caused by two factors. One is
that the hexagonal lattice corresponding to the higher ψ6 value
is associated with hexagonal boundaries, whereas the square
lattice corresponding to the lower ψ6 value is associated with
square boundaries. The other one is that the boundary effect
is stronger under triangular boundary condition with a smaller
area, and it is less impactful under circular boundary condi-
tion with a larger area, making it more challenging to influ-
ence the inner individuals. Overall, the spontaneous cooling
regulation behaviors of the virtual swarm is significantly in-
fluenced by boundary effects, demonstrating a unique envi-
ronmental self-adaptability. Such self-adaptability is absent in
traditional crystallization processes during cooling, where lat-
tice structures are often independent of boundary shapes.

4. Conclusion
Our simulation results demonstrate that the field-driven

virtual active matter achieves a transition from disordered spa-
tial states to ordered spatial states through spontaneous regula-
tion of individual efficiency in converting resource gradients,
akin to a temperature reduction process. This spontaneous
cooling regulation behavior also exhibits strong boundary self-
adaptability, whereby environmental boundary conditions can
influence the final lattice type of the virtual swarm. These
findings not only contribute to our understanding of impor-
tant biological adaptive phenomena such as scaling of tissue
formation in embryonic development,[42–44] but also provide
insights for the future design of adaptive intelligent materials
based on active matter.
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