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Although phase separation is a ubiquitous phenomenon, the interactions between multiple components make it diffi-
cult to accurately model and predict. In recent years, machine learning has been widely used in physics simulations. Here,
we present a physical information-enhanced graph neural network (PIENet) to simulate and predict the evolution of phase
separation. The accuracy of our model in predicting particle positions is improved by 40.3% and 51.77% compared with
CNN and SVM respectively. Moreover, we design an order parameter based on local density to measure the evolution of
phase separation and analyze the systematic changes with different repulsion coefficients and different Schmidt numbers.
The results demonstrate that our model can achieve long-term accurate predictions of order parameters without requiring
complex handcrafted features. These results prove that graph neural networks can become new tools and methods for
predicting the structure and properties of complex physical systems.

Keywords: graph neural network, phase separation, machine learning, dissipative particle dynamics

PACS: 07.05.Mh, 64.75.Gh, 83.10.Rs, 87.64.Aa

1. Introduction

Phase separation, the spontaneous separation of compo-
nents of a binary mixture, is a complex nonlinear process.
In the last decades, there have been a large number of stud-
ies demonstrating the importance of phase separation in oil-
water systems, ! self-propelled colloids,>* cellular compo-
nents separation, > and liquid crystal systems.["! Although
phase separation is a ubiquitous phenomenon, the interaction
and kinetic changes between complex environments are still
difficult in the study of phase separation. Therefore, it is nec-
essary to comprehensively use various methods such as ex-
periments, simulations, and theories to promote the in-depth
development of phase separation research.

Advances in science and technology have facilitated the
study of phase separation at the microscopic level.[!%-15] Re-
searchers use advanced experimental and simulation tech-
niques to investigate the phase separation process, including
molecular dynamics (MD),1%-18] dissipative particle dynam-
ics (DPD),["1 and Navier—Stokes (NS) equations. However,
traditional simulation methods are not only expensive but also
usually have to be set for short time scales to obtain high ac-
curacy, which makes it more difficult to extend the study. In
recent decades, the rapid development of machine learning has
provided a new way of thinking for the realistic modeling of
phase separation processes. 202!

Since the past decade, machine learning has been used to

solve classic problems in complex physical systems.?=34! In
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particular, the graph network-based simulators show extraor-
dinary predictive capabilities for physical systems such as flu-
ids and rigid solids, thanks to the ability of graph networks to
effectively capture relational information and structural prop-
erties in the system.[>>! At the same time, researchers have
successfully used the features of GNNs to predict the long-

36.37] Among other things,

term dynamics of glass systems.!
the graph neural network accurately predicted where force
chains would arise upon the deformation of jammed disor-
dered solids.**! These results demonstrate that graph neu-
ral networks show very high predictive power in millions of
molecular dynamics simulation steps, which makes the com-
bination of machine learning and phase separation simulation
a new research hotspot.

In this work, we use graph neural networks to simulate
and predict phase separation processes. Specifically, we de-
sign a graph neural network model enhanced with physical in-
formation. By integrating physical features, we achieve pre-
cise predictions of particle positions. Our method exhibits
significant advantages compared to classical neural network
models. In addition, we also define an order parameter based
on local density to describe the spatial distribution of phase
separation. Experimental results show that this order parame-
ter can effectively describe the phase separation phenomenon
under different repulsion coefficients and Schmidt numbers.
We applied data obtained from phase separation simulations
to PIENet to achieve long-term predictions with different re-
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pulsion coefficients. These results show that our GNN model
can deeply understand the distance changes between particles,
conservation forces, and the dynamics of the phase separation
process from the particle positions and types at the initial mo-
ment.

2. Simulation methods and details
2.1. The PIENet model

Graph neural networks combined with relational infer-
ence models are a powerful way to discover hidden struc-
tures and physical laws from the evolution of physical

5,133-36] with atoms corresponding to nodes and bonds

location
corresponding to edges. Here we improve the graph network
(PIENet) using physical information.

We adapt an encoder—decoder network, which has been
successfully used to predict the properties of glass. Figure 1
illustrates the framework of the PIENet, which takes into ac-
count the type and position of particles as input. The model
assigns a node to each particle and adds edges between parti-
cles within a “connectivity radius” to build the graph structure
G. Since the computation time scales linearly with the connec-
tivity radius, we chose a cutoff radius for particle interactions.
The graph G is represented by a triple G = (V, E, u), V is the set
of nodes and E is the set of edges. The graph-level feature, u,
can represent global properties such as temperature. For parti-
cle i and particle j, we calculate the Euclidean distance e;; be-
tween particles. Only particle pairs whose Euclidean distance
is smaller than the cutoff radius are selected as characteristic
particles. Thus, the node features in this graph are the particle
types and particle positions of all particles at the initial mo-
ment. The distance between all feature particle pairs and the
conservative force calculated based on Euclidean distance as
the features of edges.

During the update process of the graph, the function of

the processor consists of two parts: the update function and
the aggregation function. The update function updates edge,
node, and global features based on connected edges and nodes.
The aggregation function aggregates the learned features and
passes them through the decoder to obtain a representation of
the underlying graph. The update functions are defined as

e =F°(e,vu), (1)

v/:FV(e’,v,u), 2)

W =F" (e',v',u). 3)
Aggregation function:

é/ — pv~>e (V/) , (4)

‘7/ — e—vV (E/) ; (5)

i = ps (B V) ©)

Here F* is a function that updates edges based on edge, node,

and global features, FV and F" are node and global update

v—e e—v

functions. p and p are the aggregation function of all
edges and the aggregation function of all nodes, and based on
this, a global feature representation is generated. As shown in
Fig. 1, during the training process, the features of the nodes of
the particles will be encoded directly, and the network encodes
and updates edge features and merges them using two dynamic
parameters (o and ). These parameters are automatically op-
timized by the network as it undergoes training. The graph
G computes interactions among nodes via k steps (a key hy-
perparameter) of learned interaction of forces, to generate a
sequence of updated latent graphs. The conserved forces be-
tween the pairs of feature particles as the features of the edges
will be updated n times at the same time. Finally, the decoder
will generate the output features at the nodes and edges to pre-

dict the positions of the particles.
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Fig. 1. Neural network framework of PIENet. The model input consists of particle positions, and node features and edge features are processed
in the data pre-processing module. In the processor, node features, edge features, and global features are updated respectively. Finally, the
model outputs the predicted particle positions or global features through the decoder.
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Considering that the density of the simulated system is
3, we set the number of loop updates K to 5 so that the se-
lected particle can traverse all the surrounding particles. In
addition to this, the encoder and decoder are implemented by
three hidden layers with 64 linear units each and are updated
nonlinearly by means of an activation function (ReLU). The
hidden layer enhances PIENet’s nonlinear processing capabil-
ities, making it more capable of predicting particle properties.
For the error between the predicted value and the true value,
we set it to the average difference between the coordinates of
each particle.

1 N
loss = N Z |Xpre _Xtruth| + ‘Ypre - Ytruth|~ @)
i=1

2.2. Simulation details and dataset settings

Dissipative particle dynamics (DPD) proved to be a pow-
erful approach to simulate the dynamic behavior. In the DPD
approach, a single particle is characterized by a molecule or a
collection of particles. Thus, DPD allows for the simulation
of evolving complex fluids for studying their behavior. The
force acting on each particle, consists of three pairwise addi-
tive forces!38!

=), (Fj+ F} + Fj). ®)
J#i
where FS is the conservative force, E]j) is the dissipative
force, Fll} is the random force. The parameter g;; is the re-
pulsion coefficient between particle i and particle j, r. is the
cutoff radius, and T represents the temperature of the system
simulation.

Here, we choose to simulate binary mixtures in two di-
mensions for different types of fluids by varying the repulsion
coefficients between two different species of particles. The
size of our simulation box is L x L = 20 x 20 with periodic
boundary conditions. The fluids are set at an average num-
ber density, p = 3, with a total of 1200 particles. We use the
dimensionless value of the cutoff radius (r.) = 1, the tempera-
ture of the system is set to 1, mass of the particle m = 1, these
settings are reasonable choices for DPD simulated fluids.

Table 1. The Schmidt number Sc corresponding to different friction
coefficients 7.

Y Sc
4.5 1
22.5 2.5
45

90 13

The friction coefficient is an important parameter used
to control the viscosity of DPD fluids. It characterizes
the strength of the drag force between interacting particles,

thereby influencing the overall fluid viscosity. > We achieve

a change in the viscosity of the system by varying the friction
coefficient (y), and Table 1 indicates the values of the fric-
tion coefficients considered in this work and the correspond-
ing Schmidt numbers (Sc). The friction coefficients between
the different species of particles are the harmonic average of
their respective friction coefficients.

Our goal is to train PIENet to predict long-term dynami-
cal features during phase separation, so we constitute different
datasets. Data set 1 shows different repulsion coefficients, data
set 2 shows different viscosities, and the number of particles in
the system is N = 1200. Through two data sets, the order pa-
rameters and particle positions are predicted respectively. The
above datasets were simulated in Lammps, and each configu-
ration was run 30 times independently.

There are four hyperparameters in our PTENet: connec-
tivity radius r, update message steps k, learning rate /r, and
hidden size h. For a given dataset, we label 80% of the data
as training set, 10% validation set and 10% test set. Iterations
consist of 1000 training epochs using the training and valida-
tion sets to obtain optimal hyperparameters on the test set.

Table 2. Hyperparameter optimization.

Hyperparameter Value
Connectivity radius (r) 1
Update message steps (k) 5
Learning rate (Ir) 0.002
Hidden size (h) 64

3. Experimental results
3.1. Prediction of particle position

Here, we propose a new GNN model that is suitable for
extracting complex relationships from simulation data calcu-
lated with high precision. It can require only the particle po-
sitions at the initial moment, form point, and edge features
by connecting neighboring particles, and continuously learn
the changing forces during training. The whole interaction
network consists of an encoder—process—decoder architecture,
in which the features of nodes and edges in the graph can be
computed mutually by exchanging messages between a pair of
MLP assigned for nodes and edges. Pearson correlation coeffi-
cients are often used to describe the correlation between data,
ranging from —1 and 1, with closer to 1 indicating a higher
correlation. We use the Pearson correlation coefficient to mea-
sure the accuracy between the predicted particle positions and

the actual positions.

. ©)

corrcoef (Xpre, X;) + corrcoef(ypre, yi)
p=Y, 5

=

Figure 2 shows the prediction accuracy of our model for

particle positions during phase separation. It can be seen that

070702-3



Chin. Phys. B 33, 070702 (2024)

our model has a very high accuracy (Pearson correlation co-
efficients are all above 0.5) in the short term, especially in
the time period when the phase separation evolves faster. Ex-
periments show that PIENet reproduces the spatial distribu-
tion of local density changes well. In particular, for short-
term predictions with ¢+ < 1000, we find that the model can
distinguish the specific force and distance changes produced
by different species of particles. For periods ¢ > 1000, the
predictions become more diffuse but still capture the contrast
between regions of variation. We compare with the clas-
sic neural network method: CNN extracts local features of
data through convolution operations, and has powerful feature
extraction capabilities; SVM effectively processes nonlinear
high-dimensional data through kernel functions. The PIENet
can process graph structure data, combine node and edge in-
formation, and help capture local and global structural fea-
tures in graph data. For the prediction of particle positions,
our method outperforms other methods at all time scales, with

average accuracy improvements of 40.3% and 51.77% respec-

tively.
1.0}
3 o PIENet
0.8F o CNN
I o SVM
o 0.6_—
0.4
0.2}
I 1 1 L 1 L 1

1000 1500 2000 2500
t

L 1
0 500

Fig. 2. Pearson correlation coefficient of particle position relative to
simulation time for different neural network methods.

In fact, our model first learns the short-time dynamics on
the edges and then gains the ability to predict the particle inter-
action forces on the nodes, which can be understood from the
Pearson coefficients and the training duration. Overall, GNN
uses the information learned from the interaction forces and
distance variations of paired particles to fix prediction errors

over long time periods with high accuracy within the model.

3.2. Simulation of phase separation with different repul-

sion coefficients

To characterize the evolution of phase separation, we de-
signed an order parameter to describe the distribution of the
local density of the two components. The length of the simu-
lation box is L, so we divide the box into L x L grids and count
the number of A particles and B particles in each grid. The
numbers of A particles and B particles in the i-th grid are NA;
and NB;. When particles of the same species are gathered in

a lattice, and the order parameter reaches its maximum value.

This approach allows us to analyze the spatial distribution of
particles and their evolution. The order parameter ¢ is defined

as follows: 33

L |NA; - NB|
¢= <;; (NAi+NBi)L2>' (10)
The angular brackets indicate the min—max normalization
of the order parameters. In DPD simulations, the repulsion co-
efficients between different particles are the key factors driving
the system into the phase separation state. The repulsion co-
efficient determines the segregation strength of the phase sep-
aration process. Weak segregation has been referred to as a
shallow quench, and strong segregation is referred to as a deep
quench.'">#% In our simulation, for the interaction between
different species, we chose o;; = 25 as the interaction repul-
sion coefficient of A—A and B-B. For the A—B interaction, we
chose two typical o;; values, 36 and 50 respectively, corre-
sponding to shallow quenching and deep quenching.

1.0
L (a)
wl [ 68
9 I P~
0.4
0.2 |-
L 3
0 1 1 L 1 1 " 1 1
0 2 4 6 8 10
t (103)
1.0 .
(b)
0.8F \ |
| | 1
1 1
0.6 1 1
st : |
0.4k : : —0— t =6000
- 1 1
0.2} : :
L 1 1
1
[ | 1 1 1 " 1

020 25I30I35I40I45 50I55
aap
Fig. 3. (a) The plot of the variation of the order parameter ¢ concerning
time ¢. We took the data of 14 points in the simulation step. (b) # = 6000,
the variation of the parameter ¢ concerning the repulsion coefficient,
the two dashed lines correspond to o5 = 28 and a4 = 40.

As shown in Fig. 3(a), it can be seen that the evolution
of phase separation becomes more and more stable as time
changes ¢ gradually from O to 1, while the A and B parti-
cles also keep gathering. And ¢ remains relatively stable after
t = 4000, which indicates that the order parameter ¢ can de-
scribe the process of phase separation well. Figures 3(b) show
the effect of the repulsion coefficient on the order parameter at
t = 6000. Based on the values of @, we identify three different
regimes. 3] For a4 values below 28, ¢ remains around 0.02.
Beyond this critical threshold, the system enters a weak sep-
aration state, with ¢ gradually increasing as oyp rises. How-
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ever, when oy p exceeds 40, ¢ becomes relatively stable, near-
ing a value of 0.95. Therefore, we hope that the change of ¢
with osp will become one of the new indicators for determin-
ing the boundary between shallow and deep quenching of the
degree of phase separation.

3.3. Simulation of phase separation for symmetric and
asymmetric Schmidt numbers

In phase separation processes with binary fluids, the vis-
cosity differences of different fluids greatly affect the dynamic
behavior of phase separation. The fluids in a multiphase sys-
tem do not only interact with themselves but also with one
another. It is shown that the Schmidt number determines the
relative importance of momentum and mass diffusion, and it
plays an important role in phase separation dynamics.

As shown in Fig. 4(a), ¢ varies changes with time for
symmetric Schmidt number, and as the Schmidt number in-
creases, the viscosity between the particles increases, which
greatly affects the rate of phase separation. It can be seen
that the asymmetric Schmidt number accelerates the rate of
phase separation, but still maintains the normal trend. Fig-
ures 4(b) is the relationship between ¢ and ¢ under the asym-
metric Schmidt number. When the viscosity difference be-
tween different components is large, the rate of phase separa-
tion will be affected, which also leads to a deeper degree of
phase separation. This is mainly due to the large viscosity gap
between different components. The reduction in viscosity in-
creases the diffusion rate of the fluid, and the fluid mechanics
due to the asymmetry of viscosity at the fluid interface greatly
changes the coarsening mechanism.

1.0 NPOTE
L (a) @.8»_8‘8 8:%;%5%5%
0.8 SogB o
0.6
S r o 1:1
04 i <& 2.5:2.5
L ﬁ‘;;o 0 5:5
02k & 0 13:13
0 I é" L | L | L | L | L |
0 2 4 6 8 10
¢ (10%)
1.0
- 129
o g&f%%% 52 g
0.6
S O 5:1
0.4 A 5:2.5
0 5:5
0.2 o 5:13

[ R I
4 6 8 10
t (103)

Fig. 4. (a) The variation of the order parameter ¢ with time at symmet-
ric Schmidt number. (b) The variation of the order parameter ¢ with
time at asymmetric Schmidt number.

3.4. Prediction of order parameters

Figures 5(a) show the effect of the repulsion coefficient
a4 p on the phase separation behavior. When the repulsion co-
efficient of phase separation ayp = 25, the value of ¢ is stable
at about 0.02, and no phase separation is observed. As the re-
pulsion coefficient increases, the mixture starts separating, but
this separation is relatively weak, forming an A-rich and B-
rich phases. When o5 exceeds a certain critical value, it can
be observed that the phase separation behavior changes from
a weak separation state to a strong separation state. We per-
form the predictions of the local density order parameters for
the phase separation processes with different repulsion coeffi-
cients.

From Fig. 5(b), it can be seen that the GNN model pre-
dicts ¢ with higher accuracy in the shallow quench (o435 = 30)
than in the deep quench (a4 = 50). Further, our model shows
excellent performance as the simulation time varies, with an
overall average error rate within 5%. The GNN model is capa-
ble of accurately predicting the local dynamic behavior under
different repulsion parameters, even without the description
parameters of the particle environment during the prediction
process. Despite the forces between particles are different, the
model only requires basic geometric information to learn the
features of the particles and edges during training, resulting in
excellent predictive results. These results show that GNNs are
very sensitive to changes in local density, especially distance
changes due to interactions between different particles.

10— ——5——
[ (a) R R
0.8 "O
: | ,G" S - Q----- <
, 0,,0
0.6 |- C’;' o
S oo Qf’ 0 aap=25
0.4_— @ O asp=36
0.2k i O aap=>50
of Poo-9-09 06 g
0 2 4 6 8 10
t (103)
1.0
L (b)
0.8
I O aap =30 Truth
0.6 | o0 axp=30 GN
S r 0 aap=>50 Truth
0.4 & asp=>50 GN
0.2 _
U L

t (10%)

Fig. 5. (a) Variation of the local density order parameter ¢ with simula-
tion time ¢ for different repulsion coefficients. (b) The true and predicted
values of the order parameter ¢ for different repulsion coefficients.

4. Conclusions

In this work, we design a data-driven GNN model based
on the particle features of the initial position and learn the
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conserved forces and relative distances between the charac-
teristic particle pairs. We successfully predict the order pa-
rameter changes and make long-term predictions for the parti-
cle positions. Furthermore, we simulated the phase separation
of binary mixtures under different conditions and measured
the evolution of the phase separation by introducing an order
parameter of local density. The results show that the order
parameter can effectively describe the process of two-phase
separation and is validated for different systems. Experiments
demonstrate that our model has strong robustness and can be
suitable for phase separation models in a variety of regimes.
The machine learning model of our proposed model can
be used in a variety of complex systems because it can gain
the ability to predict long-term particle positions based on the
dynamic properties of the structure, which is particularly in-
teresting for physical simulations. Moving forward, we be-
lieve that graph networks enhanced with physical information
can be applied to more difficult classification and prediction
tasks. Specifically, we are interested in applying PIENet to in-
vestigate phase separation processes in three dimensions. The
method is to add the z coordinate of the particle as a feature
of the node and calculate the Euclidean distance between the
three-dimensional particle pairs as a feature of the edge. At
the same time, how to effectively deal with complex molecular
structures and dynamic interaction forms in high-dimensional
space is a key issue in specific molecular simulation processes.
In the future, graph neural networks are expected to play an
important role in improving the accuracy of molecular sim-
ulations and increasing computational efficiency, pushing the
field of molecular simulations to a new stage of development.
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