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Defining the structure characteristics of amorphous materials is one of the fundamental problems that need to be
solved urgently in complex materials because of their complex structure and long-range disorder. In this study, we develop
an interpretable deep learning model capable of accurately classifying amorphous configurations and characterizing their
structural properties. The results demonstrate that the multi-dimensional hybrid convolutional neural network can classify
the two-dimensional (2D) liquids and amorphous solids of molecular dynamics simulation. The classification process does
not make a priori assumptions on the amorphous particle environment, and the accuracy is 92.75%, which is better than
other convolutional neural networks. Moreover, our model utilizes the gradient-weighted activation-like mapping method,
which generates activation-like heat maps that can precisely identify important structures in the amorphous configuration
maps. We obtain an order parameter from the heatmap and conduct finite scale analysis of this parameter. Our findings
demonstrate that the order parameter effectively captures the amorphous phase transition process across various systems.
These results hold significant scientific implications for the study of amorphous structural characteristics via deep learning.

Keywords: amorphous, interpretable deep learning, image classification, finite scale analysis
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1. Introduction

The amorphous matter is a complex multi-body interac-
tion system with long-range disorder and energy metastable
for a long time.[!! In the past decades, important new progress
and breakthroughs have been made in the frontier fields
of amorphous materials, including new materials and new

[2-61 which are playing an increasingly important

applications,
role in high and new technology fields such as energy, in-
formation, national defense, and aerospace. The 2021 Nobel
Prize in Physics was awarded to Italian scientist George Parisi
(G. Parisi), in recognition of his pioneering contribution to un-
derstanding complex and disordered physical systems. It also
shows the important scientific significance of studying disor-
dered system itself. As a relatively simple disordered system,
amorphous materials provide a model system for the study of
fundamental problems in physics and material science. The re-
search on it will greatly promote the development of complex
disordered system research.

However, the research and application of amorphous ma-
terials are also faced with key bottlenecks such as how to im-
prove the formation capacity and room temperature plastic-
ity. Understanding and predicting the ability of amorphous
formation is a complex and multifaceted problem. Part of this
complexity is due to an inadequate understanding of the amor-
phous structure. Meanwhile, identifying the structural fea-
tures and quantifying the structure-property relations of amor-
phous materials is also a difficult task due to their disorder
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and complexity. Some structural analysis methods, such as x-
ray diffraction,!”) radial distribution function,® and Steinhart
bond order parameter,'! are often used to detect crystal struc-
ture in samples or study the order of sample structure. How-
ever, these standard techniques have limitations. For example,
the accuracy of x-ray diffraction is greatly affected by grain
size and texture. The radial distribution function depends on
the spatial average and takes a long time to compute. Stein-
hardt bond order parameters can be hindered by thermal fluc-
tuations or fuzzy crystal structures. At the same time, the tra-
ditional analytical methods in the field of amorphous materi-
als have high cost, long cycle time and low efficiency, which
makes the analysis of irregular structures challenging.

In recent years, machine learning has made unprece-
dented advances. Thus, a new machine learning technology,
deep learning, has been extended, which has demonstrated ex-
cellent capabilities in many fields.!'%-13] The research on the
interpretation of machine learning has become a hot topic in

s.[14171 Because peo-

research conferences in the past two year
ple are not only satisfied with the effect of the model but also
think more about the reasons for effect of the model. The new
research paradigm of machine learning provides new ways and
opportunities to solve the key problems in the field of complex
materials.

Now, many scholars have used machine learning meth-
ods to analyze or identify the structure of amorphous

18-22]

materials. For example, they use neural networks
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with certain training to classify or predict non-crystalline
structures.>>>31 These machine learning methods improved
material identification quality and identification efficiency
when applied to a variety of complex systems. However, it
is very challenging to study the structural characteristics of
amorphous systems because they show it a state of long-range
disorder, making it difficult to define the structural order pa-
rameters. There have also been several recent studies that have
successfully used interpretable machine learning approaches
to reveal previously unknown relationships between the struc-
ture and molecular dynamics of amorphous materials, and they
have proposed new order parameters through the learning re-
sults of network models. [26-28!

In this work, we took the amorphous model as the re-
search object, and simulated the two-dimensional liquid con-
formation diagram and amorphous solid conformation dia-
gram based on molecular dynamics as typical examples of
amorphous materials. We constructed an interpretable deep
learning model that uses Efficient Net to accurately classify
amorphous configuration data. The classification effect of this
model is better than other image classification networks, and
the accuracy is up t0 92.75%. We then used Grad-CAM to map
the amorphous configuration and explain the important struc-
ture of the model to classify the amorphous. We extracted an
order parameter from the thermal map. By using this order pa-
rameter, we could clearly quantify the structural changes dur-
ing the transition from a liquid to an amorphous solid, and the
order parameter conforms to the physical finite-scale effect.

2. Method
2.1. Simulation details

General liquids form an ordered crystal structure after
slow cooling or compression. Some materials may be severely
too cold to do not nucleate, or the samples may cool down
faster than the nucleation rate. The colloidal glass transition
behavior is very similar to this amorphous transition, where
the key control parameter is the volume fraction ¢ (the volume
fraction occupied by the solid particles).[?>=! The larger the
volume fraction of colloidal suspension, the higher the viscos-
ity, and the system becomes colloidal glass after exceeding a

[321 Therefore, we will study amorphous

certain concentration.
materials by simulating this colloidal glass.

We construct a hard sphere model with periodic boundary
conditions to simulate two-position non-crystals. >3] Each sys-
tem contains N /2 large balls and N /2 small balls, both of their
mass are m. Volume particles and boundary particles interact
pairwise through the following finite range of pure repulsive
potential V:

. Y4
Vo= { o E T <o
0, rij > Ojj,

ey

where r; ; is the distance between the two particles and o; ;
is the sum of the radii of the two particles. o =2 and o =
5/2 correspond to harmonic and Hertzian spring interactions
respectively. € is the characteristic energy scale of the interac-
tion.

We ignored the effects of pressure and shear forces on the
system during the simulation. We assigned a random initial
position to each particle and set the diameter of the large ball
to be 1.4 times that of the small ball. We used the FIRE mini-
mization algorithm to record the intrinsic structure energy per
particle in the system. The intrinsic structural energy of the
configuration is the potential energy that brings it to a local
minimum, and it is used to quantify the stability of the con-
figuration. After the simulated evolution, we calculated and
recorded the coordinate position of each particle as well as the
number of its neighbor particles. We judge whether the system
is stable in the simulation process according to its potential en-
ergy. When the potential energy is greater than 1 x 1071¢, we
output it as stable state configuration data and regarded it as
an amorphous solid. When the potential energy is less than
1 x 10716, we output it as the configuration data of the unsta-
ble state and regarded it as liquid.

The configuration map obtained by directly simulating
the model is very difficult to distinguish in the case of hu-
man eye observation. In order to facilitate machine learning
to better learn the characteristics of the amorphous configu-
ration, we add information about the force in the middle of
the particles, that is when r; ; < 0; j, a force chain was added
between the particles, as shown in Fig. 1. Figure 1(a) is a sta-
ble configuration, and the system is an amorphous solid; Fig-
ures 1(b)-1(d) are shown as unstable configuration diagrams
under different volume fractions, and the system is in liquid
state.
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Fig. 1. Amorphous solid configurations and liquid configurations for molec-
ular dynamics simulations. Panel (a) is the stable amorphous solid con-
figuration at ¢ = 0.838, panel (b) is the unstable liquid configuration at
¢ = 0.838, panel (c) is the unstable liquid configuration at ¢ = 0.832,and
panel (d) is the unstable liquid configuration at ¢ = 0.842.
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2.2. Construction of the data sets

Our goal is to train deep learning algorithms to perform
a binary classification task: to identify whether the configu-
ration map of a particle is an amorphous solid or a liquid.
Where amorphous solids and liquids are defined by Subsec-
tion 2.1, figure 1 shows several illustrations. We used the data
generated from the model simulations in Subsection 21. to
constitute the four data sets. We set four systems of different
sizes in the data set with particle numbers N of 128, 256, 512,
and 1024, respectively. For each system, we averaged several
points within the interval of volume fraction [0.827,0.848] and
simulated 1000 data in the environment of each point to form
the data sets of four systems. Each of the four data sets is spe-
cific to only one particle number amorphous configuration. In
order to study the amorphous configuration of the four systems
simultaneously, we took an average of 2000 data sets from the
four data sets to form the fifth mixed data set. The data set
has 10* data, and the configuration data of different particle
numbers and different volume fractions are distributed in the
same proportion. This data set can be trained to directly clas-
sify the four systems. We divide the training set and the test set
3:1 for each data set. In this process, we ensure class balance,
such as 4000 liquid configurations and 4000 amorphous solid
configurations in 8000 data sets with system N = 256. Before
model training, the code will label the liquid images as 0 and

the amorphous solid images as 1 based on the labels provided
by the simulation data.

2.3. Interpretability deep learning model

The interpretable deep learning model we developed con-
sists of two parts: the convolutional neural network Effi-
cientNet classifies amorphous configuration images, and the
gradient-weighted activation-like mapping method generates
heat maps, as shown in Fig. 2. The upper part of the fig-
ure shows the structure of EfficientNet. Its input is a non-
crystalline configuration image. We propagate the images for-
ward in the model and output the prediction scores of the net-
work for the input conformation images. At this point, we
are able to determine the prediction category of EfficientNet
for the input configuration image by the prediction score. The
bottom right part of the figure shows a simple example of the
gradient-weighted class activation mapping method. After we
have obtained the predicted scores of the output, we set the
gradient of the amorphous solid class to 1 and the gradient of
the liquid class to zero, and then backpropagated this signal
to the rectified convolution feature map of interest. We com-
bine them to compute a rough Grad-CAM location (thermal
map) that represents where the model will make a particular
decision. We need to test and select EfficientNet before con-
structing the model.

The network configuration of EfficientNet model
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Fig. 2. The interpretability deep learning model framework. The model consists of an EfficientNet classification network and Grad-CAM, where the
EfficientNet is stacked by MBConv modules, the EfficientNet input is the amorphous material configuration, and the output is the predicted score.

2.3.1. EfficientNet

EfficientNet is a convolutional neural network utiliz-

ing a multi-dimensional hybrid model scaling approach. 34l

The proposed algorithm can not only achieve high accu-

racy but also fully save the computing power resources.
The performance is far better than the various networks in
the history of ImageNet, and the has been verified in vari-

ous applications. 338! EfficientNet scales the network width,

096101-3



Chin. Phys. B 32, 096101 (2023)

depth, and resolution, and has 8 structures. We designed a set
and test experiments to measure the network accuracy of dif-
ferent structures by their training accuracy and loss value. The
comparison results are shown in Table 1, so the EfficientNet-
B1 network was selected.

Table 1. EfficientNetB0-B7 network comparison experiment results.

EfficientNet Resolution Accuracy Loss
BO 224 x 224 0.896 0.75
Bl 240 x 240 0911 0.67
B2 260 x 260 0.908 0.73
B3 300 x 300 0.887 0.79
B4 380 x 380 0.881 0.81
B5 456 x 456 0.879 0.85
B6 528 x 528 0.872 0.94
B7 600 x 600 0.864 1.13

The EfficientNet in our model consists of nine modules.
The first module is an ordinary convolutional layer with a
core size of (3,3) and a step distance of 2. The 2-8 mod-
ules are all repeatedly stacked MBConv structures, while the
ninth module consists of an ordinary convolutional layer with
size of (1,1), an average pooling layer and a fully connected
layer. The MBConv module contains the ordinary convolu-
tional layer, the deep separable convolutional layer (more effi-
cient convolution through depthwise convolution and point-
wise convolution), the Swish activation function, and the
Dropout layer, and the attention mechanism is embedded in
the module (SE block, the network learns the feature weights
according to the loss, so that the effective feature map weight
is significant). The structure is shown in Fig. 2.

2.3.2. Grad-CAM

The gradient-weighted activation-like mapping method
(Grad-CAM) is a technical for “visual interpretation” for deep
convolutional neural networks.!!”! As the depth of the convo-
lutional neural network continues to increase, the system will
be able to capture the features of the input image in greater
detail. That is, the last layer in a convolutional neural network
should have the most detailed recognition of the image fea-
tures. Whereas in a convolutional network containing a dense
layer, the last convolutional layer will spatially expand its acti-
vation values, thus losing its spatial information. Thus, Grad-
CAM makes use of the gradient information in the last layer
of the afferent neural network in order to solve the role of each
neuron in classification recognition.

When convolutional neural networks are used for image
classification tasks, its final layer is usually the softmax layer,
which converts all output values into probabilities. The max-
imum value y¢ of the output corresponds to category c. We
backpropagate on the node with the maximum possible clas-

sification type to obtain the gradient of the previous convo-
k

lutional layer, namely dy“/dAj ;,

where A is the feature map

output from the previous convolutional layer, & is the sequence
of channel dimensions of that feature map, and i and j are the
ordinal numbers of the width and height dimensions respec-
tively. A global average ¢ is found in each feature map, i.e.,

e 1 dy°
ak*i;;@~ )

Finally, we multiplied the activation value of the last con-
volution layer with the mean of the previous gradient feature,
and then added it up to get a formula for Eq. (3). Among
them, the functions of relu function is to maintain a pixel value
with a positive effect on the classification, while reducing the
pixel value with a negative effect on the classification. We
can understand this process as, multiplying the importance of
each feature channel by our convolution layer output, which
is equivalent to a weighted operation. Ultimately, we obtain a
heat map based on H

H =relu (Z a,fAk> . 3)
k

3. Results and analysis
3.1. Classification results

We used multiple evaluation metrics, such as AUC, Accu-
racy, Precision, and F1, to fully reflect the classification model
The AUC is the area under the ROC of the
subject operating the characteristic curve, and the ROC curve
characterizes the true positive rate TPR = TP/(TP + FN) and
the false positive rate FPR = FP/(FP +TN). TP is true pos-
itive, FN is false negative, FP is false positive, TN is true

performance.

negative. We label liquids as positive and amorphous solids
as negative during classification. An AUC of 0.5 means that
the performance of the classifier is no better than the random
chance level, and 1.0 means perfect classification. The higher
the AUC, the better the model is in terms of classification per-
formance. Figure 3 shows the ROC curves and their AUCs of
the classification models in this paper and the other three clas-
sification models for the test dataset of N = 256. We see that
EfficientNet has the largest area under his ROC curve relative
to the other models, with an AUC value of 0.953. This intu-
itively judges that our classification model has relatively high
accuracy. However, this kind of result is relatively general,
and we cannot judge the effect of the model solely according
to AUC.

We continue to use other evaluation metrics to evaluate
the results of the different experiments. Accuracy represents
the proportion of correctly classified samples to the total sam-
ple number. Precision= TP/(TP + FN), indicating accuracy.
TPR is also called recall. F1 is the harmonic average of the
precision rate and the recall, which is expressed as F1 = 2
(Precision X recall)/(Precision + recall). We independently
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train and test the crystalline configuration dataset of the four
systems to calculate the evaluation value based on the predic-
tion scores given by the classification model.

1.0

0.8 1

0.6 1

TPR

0.4 4

7 ——EfficientNet(AUC=0.953)
02 - —— ResNet(AUC=0.94)

’ ——VGG(AUC=0.927)
AlexNet(AUC=0.911)

0 . . .
0 02 04 06 08 10
FPR

Fig. 3. The classification results of EfficientNet with other classification
models for non-crystalline configuration data. The curves in the figure are
the ROC curves of four models for classification of 2000 test data, red cor-
responds to EfficientNet, blue corresponds to ResNet, green corresponds to
VGG, and orange corresponds to AlexNet. The AUC values were defined as
the area under the ROC curve.

Table 2 presents the Precision, Accuracy as well as F1-
score of our classification model under different datasets. Four
of these datasets have Precision > 81%, indicating that the
classification model is very efficient for identifying the class of
amorphous. Accuracy is above 87%, and F1 average accuracy
and recall is above 86%, which indicates that the model per-
forms well in the classification of the data overall, although the
classification accuracy for different categories varies. From
the longitudinal comparison, the classification model has the
highest classification accuracy on the N = 1024 dataset, with
F1 reaching 93.15%, and the amorphous materials in large sys-
tems are easier to classify compared to the smaller systems.
These results show that the EfficientNet classification model
enables an accurate classification of liquid versus amorphous
solid configurations, without the description parameters of the
particle environment in the classification process. Although
the structure of the material is only slightly different, we sim-
ply need to give the basic geometric information (the particle
coordinates and forces presented in the form of images), and
the classification model can achieve excellent classification re-
sults.

Table 2. EfficientNet compares the experimental results for different
datasets.

models are convolutional neural networks with different net-
work layer structures and have good performance in previous
image classification tasks. To ensure a fair comparison, we
trained and tested the different models using the same dataset
(N = 1024), and took the average score of the five experi-
ments for each model. Table 3 presents the evaluation met-
rics for the different models on the system N = 1024. The
data demonstrate that our classification model has a relatively
optimal classification effect compared to the other networks,
with a classification accuracy of 92.75% and an F1 score of
93.15%, which also improves the overall performance of the
interpretable deep learning model.

Table 3. Comparing the experimental results between the different clas-
sification networks.

Model Precision (%) Accuracy (%) F1 (%)
AlexNet 83.62 89.01 89.81
VGG 90.14 90.75 90.82
ResNet 91.05 91.75 91.69
EfficientNet 91.10 92.75 93.15

Dataset Precision (%) Accuracy (%) F1 (%)
N128 82.05 88.23 86.96
N256 81.42 87.13 88.17
N512 85.57 91.27 91.91
N1024 91.10 92.75 93.15

Next, we compared the classification metrics of the Ef-
ficientNet classification model with the results of other im-
age classification networks (the ROC comparison results have
been shown in Fig. 3). The networks we chose for comparison
are AlexNet,’”) VGG,[*% and ResNet!*!l networks. These

Since the EfficientNet classification model can accurately
identify liquids and amorphous solids prepared under the same
intrinsic structure and environment, it is not a simple calcula-
tion of energy as a means of classification. We need to dis-
cuss how the model makes classification decisions. In this re-
gard we will use Grad-CAM to provide an interpretation of the
model classification results.

3.2. Heat map

We use the Grad-CAM in Subsection 2.3 to generate an
activation-like thermal map of the amorphous configuration.
The model diagram in Fig. 2 shows the process of generat-
ing a thermal map. We indicate where the model will make
a specific decision on the configuration image by visualizing
the spatial gradient of pixels. The thermal map generated by
the model will show which part of the picture is activated most
by the neural network in the form of weights. Figure 4 shows
the visualization results of the Grad-CAM model for two non-
crystalline configurations. The liquid configuration is shown
on the left and the amorphous solid configuration is shown
on the right. The thermal map is similar to an infrared imag-
ing map, with different colors representing the importance of
features at that location for classification. In the left panel the
model’s interpretation of the liquid highlights two sets of irreg-
ular structures, and the interpretation of the amorphous solid
in the right panel covers most of the structure.

The above visualization results show that the classifica-
tion model makes classification decisions on amorphous con-
figurations based on the distribution of these important struc-
tures, not relying on the energy calculation of the system,
which shows that our deep learning model is an effective tool
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for identifying amorphous materials. Further, we quantified
the visual results to find out the physical properties of the uni-
versality.

Fig. 4. Grad-CAM thermal map visualization of amorphous material con-
figuration. The left map is the heat map of the liquid configuration, and the
right picture is the heat map of the amorphous solid configuration.

3.3. Order parameter

Because the coverage of the important regions identified
by the DL model is different, we use the sequence parameter &
to quantify the important structure identified by the classifica-
tion model in the configurations, represented by the following

1
h= N;;Hﬁ. )

The meaning of the order parameter / is to make a global

formula:

average over a broad and high dimension of the pixel spatial
gradient calculated by the model. The feature parts that have a
high weight on the classification decision in the thermal map
have a large activation value, so when the area of the red re-
gion in a class activation map is more, that is, the distribution
of the identified important structures is larger, the value of A
will be larger.

The scale of the system is usually finite in the simulation,
so we do a finite scale analysis of the order parameters. We
calculated the order parameter for the data at different volume
fractions in different systems, selecting four systems with par-
ticle numbers of 128, 256, 512, and 1024. To eliminate the
effect of error between the different models produced by the
training, first, we use the mixed data from these four systems
to train the model derived from the classification network to
calculate the order parameters. Second, for each system, we
took an average of 11 points in the interval of [0.827,0.848],
and took 100 configuration data under the volume fraction
of each point, calculated its order parameter and averaged it.
After the data is normalized, the order parameter can be ex-
pressed as iy, = hy(@,N), where ¢ is the volume fraction, N
is the number of system particles, and /iy is a function of the
normalized order parameter under the calculation conditions
(¢,N). As shown in Fig. 5, the black points and lines are the
sequence parameters and their fitting curves for different vol-
ume fractions under N = 128. Similarly, the points and lines of
the same color are the sequence parameter data with the corre-
sponding system sizes. &, will be within a certain range of the

volume fraction obvious jump from O to 1. Combined with the
definition analysis of the order parameter, when the volume
fraction of amorphous system ¢ is less than 0.848 and greater
than 0.820, the special structure identified by the model from
the amorphous configuration is undergoing complex changes,
especially the distribution changes. When ¢ < 0.820 or when
¢ > 0.848, the state of liquid, as well as amorphous solid, has
stabilized. This can also be verified by analyzing the underly-
ing behavior of the non-crystals. Taking the system N = 256
as an example, the left part of the figure is shaded to indicate
that 90% of the simulations are liquids, and the right part of
the figure is shaded to indicate that 90% of the simulations
are amorphous solids. Therefore, we reveal the transforma-
tion of liquids to amorphous solids by analyzing the changes
of the order parameters. The change rate of i, will increase
as the system becomes larger. For example, when N = 128, h,
changes slowly; when N = 1024, h, changes rapidly from O to
1. In this case, the system is of finite size and cannot represent
the law of the whole ensemble.

1.0F A L
0.8 q

06 gy g 90%

<" Liquids Amorphous

0.4+ ¢ solids
02k v = NI28 | |

: ¥ o N256

v A N512
0 "o d—avAY v N1024/
0.830 0.835 0.840 0.845  0.850

@

Fig. 5. The trend of the order parameter 4, with volume fraction. A, indi-
cates the proportion of significant regions in the heat map. The blue points
in the figure are the ordinal parameters of the system at different volume
fractions when the number of particles is 256, and the purple line is the fit-
ted curve to these points. The left part of the figure is shaded to indicate that
90% of the simulations in the N = 256 system are liquids, and the right part
of the figure is shaded to indicate that 90% of the simulations in the N =256
system are amorphous solids. The horizontal coordinate of the graph is the
volume fraction ¢ and the vertical coordinate represents the ordinal param-
eter h,.

For amorphous first-order phase transitions, when the or-
der parameter is compared to (¢ — )N 1/2, we want the order
parameter of different system sizes N to collapse into a curve,
so the finite-scale scaling behavior of the order parameter is

hy = hy[(9 — @7)N'?], )

where 7" is the numerical value of the blocking volume frac-
tion when the thermodynamic limit N goes to infinity. At
@ = @7, hy should intersect for different N curves with a com-
mon value A f(O), as shown in Fig. 6, where the curves of dif-
ferent system sizes collapse to a common scalar curve. 5,
denotes the fraction of order parameter identified by the DL
model in the predicted dataset, given N and ¢. When N tends

096101-6



Chin. Phys. B 32, 096101 (2023)

to infinity, &, will represent the order parameter of the sys-
tem located in different volume fractions, which is sufficient
to represent the variation of this one system: at small volume
fractions, the particles are free to move without overlap and do
not consume any energy, when the system is in a fluid state. At
higher volume fractions, the particles are forced to squeeze to-
gether and overlap with each other to form a force network
across the whole system. At this point, the system is able to
resist compression or shear, has a non-zero bulk elastic mod-
ulus and shear modulus, behaves as a solid, and the system
undergoes a jamming transition.

1.0 | /%X‘v‘ P
0.8 1
0.6 b
<
04 E
= NI28
0.2+ e N256 |
A N512
v N1024
0—* T
—0.10 —0.05 0 0.05 0.10

(p—o)N™
Fig. 6. Finite-scale scaling analysis of the order parameter of systems of
different sizes. The system size ranged from N = 128 to N = 1024, and the
curves for the different systems collapsed to a common scaling curve.

We are able to directly derive new order parameters that
quantify the features of two-dimensional non-crystals from the
thermal maps generated by the Grad-CAM model. The model
generates descriptions of these features based on only amor-
phous particle configurations, not relying on environmental
descriptions or a set of reference structures. This illustrates
that our deep learning model is an effective tool for identify-
ing structural features of complex amorphous systems.

4. Conclusion

In this work, we demonstrated that the interpretability
deep learning model we constructed enables classifying amor-
phous configurations while identifying structural features in
amorphous materials. We simulated amorphous systems with
different particle numbers according to molecular dynamics,
and achieved accurate classification of 2D amorphous config-
urations with DL models, achieving good results on different
amorphous systems with an accuracy of 92.75%. The DL
model was visualized by the class activation of the configu-
ration data by the Grad-CAM method, highlighting the impor-
tant structures of the liquid and amorphous solid configura-
tions. Further, we extract from the heat map and derive an or-
der parameter that provides a quantifiable explanation for the
amorphous structure feature identification results. The order
parameter can represent the process of liquid to amorphous

solid structure in the system, and the change law meets the
finite scale effect.

In theory, our DL model can be applied to other complex
amorphous material classification, and only by using enough
data to train the network, the resulting model can accurately
distinguish between different categories of data, which will
make part of the work of physical research simple and fast.
Our model generates amorphous, feature descriptions based
only on 2D amorphous particle configurations, which provides
important tools for the study of amorphous structure features,
demonstrating that deep learning algorithms can effectively
identify structures in complex systems.

From the present results, it is not theoretically possible
to accurately describe the amorphous structural features, so
we hope to continuously improve the model structure. In the
next step, we will consider optimizing the deep learning model
combined with the physics theory, which can have a theoretical
basis when explaining the non-crystal structures. At the same
time, we can extract the local particle structure information of
the amorphous material, and quantify and predict it combined
with the physics, so as to make the deep learning analysis of
the amorphous material structure more effective.
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