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In the past few decades, the study of collective motion phase transition process has made great progress. It is also
important for the description of the spatial distribution of particles. In this work, we propose a new order parameter ϕ

to quantify the degree of order in the spatial distribution of particles. The results show that the spatial distribution order
parameter can effectively describe the transition from a disorderly moving phase to a phase with a coherent motion of the
particle distribution and the same conclusion could be obtained for systems with different sizes. Furthermore, we develop
a powerful molecular dynamic graph network (MDGNet) model to realize the long-term prediction of the self-propelled
collective system solely from the initial particle positions and movement angles. Employing this model, we successfully
predict the order parameters of the specified time step. And the model can also be applied to analyze other types of complex
systems with local interactions.
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1. Introduction
Research on collective systems has become a hot topic,

and attracts the attention of many scholars in recent few
decades. The phenomenon of collective motion exists widely
formed by self-propelled particles in nature.[1–5] Collective
behavior is ubiquitous in nature, biological systems, and hu-
man society. The typical cluster movement mainly includes
the proliferation of bacteria and the cluster behavior of a large
number of living bodies such as moving fish, birds and forma-
tion control of robot swarm.[6–9] It is of great practical signif-
icance to study cluster movement in the control, coordination
and formation control of multi-agent systems.[10] Then how
to quantitatively describe the cluster phenomenon becomes a
crucial issue.

With the continuous development of information technol-
ogy, it has been widely used to simulate the actual collective
system by computer technology.[11–13] The Vicsek model was
proposed and it was a simple and effective model for simu-
lating collective motion. The model defined an order parame-
ter va to describe the synchronization of the system.[14] Based
on the Vicsek model, many variations were proposed, such as
the limited view angle model.[15] Both models quantify the
synchronization of particle motion by the order parameter va.
However, the spatial distribution of particles has a great differ-
ence with the same degree of consistency in the direction of
motion, and va cannot describe the difference.

Using classical methods, a step-by-step physical evolu-
tion process is required. These methods are highly dependent

on the motion of particles at each time step. Therefore, it takes
a lot of time to obtain the order parameters of systems with
large scales and long time steps. To overcome these limita-
tions, many researchers turn to other methods. Recently, there
has a surge of interest in using deep learning algorithms to as-
sist physical systems. It has widely used in condensed matter
physics,[16,17] fluid mechanics,[18] and statistical physics.[19]

New models and applications of deep learning have constantly
proposed.[20–31] However, molecular systems involve refer-
ence invariance, degeneracy and symmetry, smoothness and
other inductive biases[32] that are completely different from
images or texts. So it can not straightforward to apply tradi-
tional artificial neural networks architectures to deal with them
directly. Since the original work on interaction, the graph neu-
ral network is applied to predict dynamics.[33–38] The graph
network[39] framework fully considers the relational induc-
tive biases with mathematical methods. And it has relational
reasoning ability and supports combinatorial generalization.
Since then, the research direction and application fields of
graph neural networks have been further expanded. A graph
neural network is used to predict the long-time evolution of
a glassy system.[40] The GNS is trained to simulate complex
physics.[41] Therefore, the graph neural network can be effec-
tively used in the prediction and simulation of molecular sys-
tems.

In this work, we leverage the developments in deep learn-
ing to help describe the collective behavior of self-propelled
particles. And the molecular dynamic graph network model
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is applied to cluster dynamics system. First, we simulate the
cluster movement according to the rules of the Vicsek model
with restricted vision. And it is found that the view angle has
an effect on the direction of particle movement. When the par-
ticle motion direction in the system has the same degree of
direction consensus, its spatial distribution is different. The
article aims to investigate the phenomenon of consistent syn-
chronization but different spatial distribution. We propose a
new order parameter ϕ to quantify the degree of order in the
spatial distribution of particles. The results show that the or-
der parameter can effectively describe the transition of spatial
distribution from disorder to order. Then, we apply the data
obtained from the Vicsek model with restricted vision to the
molecular dynamic graph network model, which achieves the
long-term prediction of va and ϕ at different field of vision.
And the results indicate that the model has strong predictive
ability. Compared with classical dynamics simulation, our
model can get the order parameters of large collective system
faster.

2. Models and method
2.1. Datasets

We use the rules of the limited view angle model[15] to
produce datasets for each point in a square shaped plane of lin-
ear size L with the periodic boundary conditions by a (xi,θi)

pair.
The limited view angle model is the Vicsek model[14]

with restricted vision. In the Vicsek model, N individuals
regarded as mass points move on the L× L two-dimensional
plane, and the plane has periodic boundary conditions. We use
the time unit ∆t = 1 as the time interval between two updates
of the directions and positions. At the initial moment, each
individual is randomly distributed in the plane with random
position and random direction of movement. Each individual
has the same absolute velocity v. At each moment in the move-
ment process, the direction of movement of each individual is
determined by the average direction of individuals within a cir-
cle of field of view radius R surrounding the given individual.
According to the position and direction at the previous time,
the position and the direction of movement at the next time
can be obtained. The difference between the limited view an-
gle model and the Vicsek model is that in the Vicsek model,
each individual’s field of view is omnidirectional views, while
the field of view in the limited view angle model is not global.
We define the view angle of each individual as ω , ω ∈ (0,2π),
and the viewing range of each individual is composed of two
viewing radii with an angle of ω and the corresponding arc.
Only individuals within the field of vision will have an impact
on the direction of movement of the individual.

During the movement of the individual on the plane, the

position of the i-th individual at time step t +1 is

𝑥i(t +1) = 𝑥i(t)+𝑣i∆t, (1)

here the velocity 𝑣i is a vector with an absolute value v and
the direction. And the direction of motion is obtained from
following expression:

θi(t) = 〈θi(t−1)〉Rω +∆θ , (2)

where ∆θ represents the random number in the interval[
−η

2 ,
η

2

]
, η refers to the random disturbance in the environ-

ment. 〈θi(t−1)〉Rω is the average velocity direction of all in-
dividuals in the neighborhood where individual i is the center,
the field of view radius is R, and the field of view angle is ω at
time step t−1.

According to the rules of the limited view angle model,
we used Python to design an iterative program to simulate the
self-propelled cluster motion of 1000 particles in a box with
periodic boundary conditions L = 5, where the initial velocity
was set to 0.03 and the field of view radius was 1, the time
step was 1000. In order to eliminate the influence of noise on
the synchronization of particle motion, the noise was set to 0.
For each time step under each angle of view, we generated 100
training sets to train the network, and 100 test sets to test the
model. Each data set had a different initial position and direc-
tion. After iteration, the position and movement directions of
each time step were obtained.

2.2. The MDGNet model

The graph network[39] framework defines a class of func-
tions for relational reasoning on the representation of graph
structure, which combines neural networks with mathematical
methods. And it has relational reasoning ability and supports
combinatorial generalization. We develop a powerful molec-
ular dynamic graph network (MDGNet) based on the graph
network model. Here, we will outline the implementation of
the MDGNet model.

The MDGNet framework is a graph-to-graph function.
The main calculation unit of the MDGNet framework is the
GN block, which takes the graph as input and performs calcu-
lations on the graph structure, and the returned result is also a
graph. Before the GN block, an encoder is added to prepro-
cess the input, which compresses the input into a latent space
representation, and extracts important features of the input in-
formation. During the whole modeling process, the particle
information in the self-driven collective dynamics is converted
into a graphic structure. The graph is represented by a triple
G = (u,V,E). Here, u represents a global attribute, a feature
of the entire graph. V = {vi}i=1:Nv is a set of vi, where Nv rep-
resents the total number of nodes. E = {(ek,rk,sk)}k=1:Ne is
the set of edges, where ek is the feature of the k-th edge, rk and
sk are the indexes of the receiving node and the sending node
respectively, and Ne is the total number of edges.
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When constructing the dataset, we calculate the order pa-
rameters va and ϕ of the system at each time step, and train
the model to predict. For each training example, we input
the coordinates and movement angle of all N particles to our
MDGNet model. The graph is constructed according to the
distance between particles: the particles at a distance less than
1 are connected by edges in the graph structure. Since the field
of view radius is set to 1 in the limited view angles model. The
feature of node is the movement angle of the particle, the edge
feature is the relative distance between the particles, and the va

and ϕ of each time step system are the global feature. Then,
we apply the MDGNet model to the input graph to predict or-
der parameters. When the graph G is provided as input to the
GN block, the update starts. A GN block contains six func-
tions, namely three update functions and three aggregate func-
tions. The choice of update functions directly determines the
performance of the model. The network first uses three mul-
tilayer perceptrons to independently encode the input graph,
one for each node, one for each edge, and one for the update
global. The updating function is used to update the attributes
of edges, nodes and global based on their connected edges and
nodes. The aggregate function is a simple sum. Formally, this
process is formulated as follows:

ek
′ = Φ

e(ek,vrk,vsk,u), (3)

ei
′ = ρ

e→v(Ei
′), (4)

Vi
′ = Φ

v(ei
′,vi,u), (5)

V ′ = ρ
v→u(V ′), (6)

e′ = ρ
e→u(E ′), (7)

u′ = Φ
u(e′,v′,u), (8)

where ek
′, Vi

′, and u′ are the updated versions of V , E, and u,
respectively. The process involves five steps.

(i) Update the edge according to its own characteristics,
the index of the sending node and the receiving node, and the
global state. Φe (Eq. (3)) is the update function of the edge.

(ii) Aggregate the edge features around each node as
shown in Eq. (4). Here, ρe→v is applied to Ei, where Ei

′ =

{(ek
′,rk,sk)}rk=i, k=1:Ne . And ei

′ is used to update the nodes in
the next step.

(iii) Φv (Eq. (5)) is the update function for nodes, which
updates the state of each node according to the edge features
after aggregation, the features of the original node and the
global graph state.

(iv) Aggregate the attributes of all edges and nodes by
Eqs. (6) and (7). ρe→u and ρv→u are the aggregation function
of all edges and the aggregation function of all nodes.

(v) According to the features of the aggregated nodes,
the features after the aggregation, and the global features, the
global update is realized, as shown in Eq. (8). Φu is the global
update function. This completes the entire update process.

In general, it uses the current node information, edge in-
formation and global information to update the edge. With
the new edge information, the node is updated. And the new
node information and edge information are used to complete
the global update. The update process ends. A flowchart of
our learning process is outlined in Fig. 1. To make almost all
particles in the box contribute to predicting the order parame-
ter under any given condition, we set the GN block to loop 5
times.

ρe → v

ρe → u

ρv → u

Fig. 1. The learning architecture is used in this work to predict system
order parameters. Each GN block contains edge block, node block and
global block, which can update edge, node and global, respectively.

In the prediction stage, the MDGNet model performance
is measured through the relative error of individual predic-
tions. This error is difined as

∆x =
∣∣∣∣x− x′

x

∣∣∣∣ , (9)

where x is the truth value of order parameter, x′ is the corre-
sponding prediction of the MDGNet model.

3. Results
3.1. Spatial distribution order parameter

According to the updated equation of the limited view an-
gle model, it can be seen that the field of view angle is an
important factor affecting the cluster evolution. Therefore, in
order to study the effect of field of view angle on cluster evo-
lution, we simulate the conditions of different field of view
angles and obtain some meaningful results.

In Figs. 2(b) and 2(c), excluding the influence of noise
density, we simulate the motion of particles under different
viewing angles. When the noise is 0, after a long time of evo-
lution, all particles can eventually reach a state where the di-
rection of motion is consistently ordered.

The limited view angle model still uses the order param-
eter defined by Vicsek et al. to analyze the synchronization of
the particle motion direction, which is represented by va, and
its calculation formula is

va =
1

Nv

∣∣∣∑N
i=1𝑣i

∣∣∣ , (10)
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where N is the total number of particles, v is the absolute ve-
locity, and 𝑣i is the velocity of the i-th particle, which is a vec-
tor. The normalized average speed is used to describe the de-
gree of synchronization of the system. Obviously, 0≤ va ≤ 1 .
The more the average speed v of the whole system tends to 0,
the more messy the whole system is. va tends to 1, indicating
that the synchronization degree of the system is higher, and the
movement direction of the particles tends to be the same. That
is to say, the larger the value of va, the higher the synchroniza-
tion degree of the system.

1.2
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0.6

0.2

0 0.4

0.4

0.8 1.2 1.6 2.0
ω (π)

V
a
lu

e

ϕ

va

(a) (b)

(c) (d)

Fig. 2. (a) The initial configuration of the particles. (b) The configu-
ration diagram after the system stabilizes when the viewing angle ω is
0.4π . (c) The configuration diagram after the system stabilizes when
the viewing angle ω is 0.8π . (d) The spatial distribution order parame-
ter at different field angles after the same degree of synchronization of
particles in the system.

However, in the process of simulation, we find that the
spatial distribution of particles is different when their motion
is ordered in the same direction, as shown in Figs. 2(b) and
2(c). Although va can effectively describe the synchronization
degree of particle motion, it cannot explain the spatial distri-
bution of particles. But it is important for the study of spatial
distribution. Deng et al. discovered the critical point of in-
terference transition of the two-dimensional monodisperse by
calculating the distribution of the local density.[42] Zhang et
al. investigated the low-cost communication mechanism that
breaks the state of uniformly distributed particles, with parti-
cles aggregating into increasingly tight clusters.[43] Therefore,
in addition to analyzing the relationship between the synchro-
nization index va and the viewing angle, it is also necessary to
study the deviation of the particle distribution in the specified
area caused by the viewing angle. How to describe the spa-
tial distribution of particles in self-driven cluster motion is an
important research question.

The side of the two-dimensional plane is L, so we divide
the plane into L× L grids and count the number of particles

in each grid. The number of particles in the i-th grid is repre-
sented by ni, and n represents the average number of particles
in each grid. The degree of non-uniformity of particles in the
whole region is denoted by ϕ ′, where ϕ ′=∑

L2

i=1 |ni−n|. When
all particles are concentrated in one lattice, ϕ ′ takes the max-
imum value of 2n(L2− 1). When the particles are uniformly
distributed, ϕ ′ = 0. We normalize ϕ ′ as

ϕ =
ϕ ′

2n(L2−1)
, (11)

obviously, 0 ≤ ϕ ≤ 1. After the whole system is stable, all
particles are concentrated in a grid, then ϕ = 1. And when all
particles are uniformly distributed, then ϕ = 0. Because the
particles are constantly moving, then ni in Eq. (11) is chang-
ing, we average 50 sets of different initial configurations, and
select the average of 800 to 1000 time steps as the stable stage.
The value of ϕ is obtained as shown in Fig. 2(d). When the va

of the particle’s motion is the same, the value of ϕ is different.
That is to say, the particles move in the same orderly direction
and their spatial distribution is different. Then ϕ can effec-
tively describe this difference.

It can be seen from Fig. 2(d) that the relation between the
spatial distribution order parameter ϕ and view angle is not
linear. It is not that the larger the view angle is, the larger
ϕ will be. When the view angle reaches the threshold, the ϕ

changes within a small range. The order parameter can effec-
tively describe the transition of spatial distribution from dis-
order to order. When va is the same, the spatial distribution
order parameter ϕ can effectively describe the variability of
the spatial distribution of self-driven particle motion caused
by the field of view angle. Under other conditions, the spatial
distribution of the system has a similar situation.

To illustrate the effectiveness of the spatial distribution or-
der parameter at multiple system sizes, we calculate ϕ of dif-
ferent system sizes. We divide the plane into 5×5 grids. For
systems of different sizes, we gradually increase the amount
of the view angle ω for a fixed noise and observe a transition
from uniform distribution to non-uniform phase.

In Fig. 3, we show that the spatial distribution order pa-
rameter ϕ∗ gradually decreases and reaches a stable value
as the viewing angle increases. Although the distribution of
points is different for different system sizes, the trend is the
same. We make a normalization ϕ∗ of the four different sys-
tem sizes as

ϕ
∗ =

ϕ−ϕc(N)

ϕmax(N)−ϕc(N)
, (12)

where ϕc(N) is the critical spatial distribution order parameter
(ω→ 2π) and ϕmax(N) is the maximum value of ϕ in Eq. (12).
For finite sizes, ϕc(N) and ϕmax(N) are N dependent.

As can be seen in Fig. 3, the line has a significant down-
ward when the viewing angle is about 0.7π . And it can be seen

056402-4



Chin. Phys. B 32, 056402 (2023)

that the view angle of the first uniform state of the system de-
creases as the number of particles increases. The simulations
are carried out in a square shaped cell of linear size L with pe-
riodic boundary conditions. We vary the density of the system
by changing the number of particles. In a system with rela-
tively large density, particles can obtain sufficient information
in a relatively small range, and the view angle of particles in
the system to reach a uniform state is also reduced.

1.0

0.8

0.6

0.4

0.2

0

ϕ
*

0 0.5 1.0 1.5
ω

N/

N/

N/

N/

Fig. 3. The normalized value of the spatial distribution order parameter
ϕ , for systems with number of particles N. Each dot shows the real value
of ϕ , and the line shows the trend.

3.2. Collective motion prediction of MDGNet model

It is difficult to obtain the order parameters of the sys-
tem using classical methods for large systems at each time-
step. However, the MDGNet model we built can realize the
long-term prediction of va and ϕ for large systems. Here we
present the results from our deep learning model. Our model
was trained on different vision.

In order to evaluate the accuracy of the prediction, we
compare the predicted value with the true value. The results
are summarised in Figs. 4 and 5 for va and ϕ predictions, re-
spectively.

.

.

.

.

.



v
a

      
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↼x
↩
x
′↽
/
x

ω=1.8π

ω=0.4π

GN

Truth

0.6

0.4

0.2

0

Fig. 4. The truth and prediction of va over time at different field angles,
where other parameter values are L = 5, R = 1, N = 1000, η = 0. The
symbols are the graph network predictions and the lines are the truth val-
ues of va. The inset contains the relative error between MDGNet model
predictions and the truth values, and the symbols represent the same ω .

.

.

.

.

.

.





ϕ

T

Prediction

Truth

x
↩
x
′
/
x

0 100 200 300 400 500 600

ω/.π

ω/.π

Fig. 5. The truth and prediction of ϕ over time at different field angles,
where other parameter values are L = 5, R = 1, N = 1000, η = 0. The
symbols are the graph network predictions and the lines are the truth val-
ues of ϕ . The inset contains the relative error between MDGNet model
predictions and the truth values, and the symbols represent the same ω .

First, We fix other parameter conditions and use the
MDGNet model to predict the variation of order parameter va

with time step at different field angles. It can be seen from
Fig. 4, although the size of visual field angle is different, va

can reach 1 after a period of time under such condition. As we
can see in Fig. 4, the time steps for the system to reach an or-
derly state are different under different view angles. Whether
in a larger or smaller viewing angle, our graph network has a
very good prediction effect to predict va. Then, in Fig. 5 we
can see that after a period of movement, particles can eventu-
ally reach a relatively stable spatial distribution state. When
the view angle is small, ϕ changes from 0 to 0.6, indicating
that the particles in the whole system are relatively clustered
in spatial distribution. When the view angle is larger, ϕ even-
tually stabilizes at about 0.2, and the spatial distribution is rel-
atively uniform compared with that at a smaller field angle.
Under different view angles, our model has good prediction
effect.

Furthermore, in the inset of Figs. 4 and 5, the determi-
nation of relative error between the truth and predictions is
shown. From Fig. 4, we can observe that the deviation of pre-
diction results of other time steps lies within 5% except T = 0.
Because the particles are randomly distributed at the initial
moment, and they are uncertain. In Fig. 5, the predicted re-
sults are slightly different from the actual results, but within a
reasonable range. Because the particles are moving, the num-
ber of particles in the grid is always changing at each time step.
In summary, it is clear that the MDGNet model we built can
predict order parameters. As can be observed in the figures,
the agreement between the truth and prediction is quite good.

In addition, we predict the order parameters va and ϕ of
the system synchronization phase under different noise η with
fixed densities and field angles. Figure 6 demonstrates that the
error of MDGNet prediction results increases relatively under
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larger noise, but the prediction results are good from an overall
perspective. Compared with other methods, the relative error
of our method (MDGNet) is smaller than other machine learn-
ing (convolutional network (CNN), (SVM)). With only input
types and relative positions, and without any handcrafted fea-
tures, the MDGNet outperforms all the others methods at all
noise.

.

.
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.

↩.



.
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
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    
η

η

MDGNet
CNN
SVM

MDGNet
CNN
SVM

(a)

(b)

Fig. 6. (a) Relative errors of different methods for predicting order pa-
rameter va under different noises. (b) Relative errors of different methods
for predicting order parameter ϕ under different noises.

4. Conclusions
We have numerically studied the dynamic behavior of

self-propelled particles, and the view angle of each particle
is limited. We have demonstrated that the view angle plays
an important role in the phase behavior of self-driven particle
systems. Interestingly, we have found that the spatial distri-
bution of particles is different when the direction of motion
is uniform and orderly at different view angles. We quantify
the degree of order of spatial distribution by introducing a new
order parameter ϕ . Our results indicate that the order parame-
ter can effectively describe the transition of spatial distribution
from disorder to order. In addition, the same conclusion could
be obtained for systems with different sizes.

Furthermore, we have built a deep learning model based
on the graph network to predict the order parameters of the
self-propelled particle system. We show that the MDGNet
model is an effective tool to predict the dynamic behavior of
self-propelled particles. Because it can construct a graph struc-
ture for the position and direction information of the move-
ment of the input particle and predict it at the graph level.
The direct use of particle coordinates as input into the net-
work underlies the robustness and simplicity of our approach.

The deep learning model can accurately predict va and ϕ of
the system.

Moving forward, we believe that the MDGNet model
could be applied to more difficult prediction tasks that elude
standard techniques. Specifically, we are interested in apply-
ing the MDGNet model to analyze other types of complex
system. A natural next step involves using graph network
to predict three-dimensional self-propelled particle systems,
which could provide new methods for ordering these systems.
This may require modification to the neural architecture and
also the generation of new datasets with particles in three-
dimensional. In conclusion, there is still great potential for
applying deep learning methods to the prediction and classifi-
cation of complex systems.
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