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SPECIAL TOPIC — AI + Physical Science

Revealing structural signatures associated with stress overshoot in
two-dimensional Lennard-Jones systems based on
interpretable deep learning

Tongtong Shen(H1 # #)!, Xinyao Wang(E#i5¢)*", Zhuohang Li(Z #f7)>,
Xueyu Liu(X]% 52)!, and Wen Zheng(F30)>#

1College of Artificial Intelligence, Taiyuan University of Technology, Jinzhong 030600, China

2Kf:y Laboratory for Satellite Digitalization Technology, Innovation Academy for Microsatellites of Chinese Academy of Sciences, Shanghai 201306, China

University of Chinese Academy of Sciences, Beijing 100039, China

(Received 1 April 2026; revised manuscript received 12 June 2026; accepted manuscript online 30 June 2026)

Determining whether stress overshoot can be predicted from pre-yield structural information remains a central chal-
lenge in understanding amorphous yielding. However, conventional analyses usually require the complete stress—strain
response to determine whether stress overshoot occurs. To overcome this limitation, a precise predictive model with hy-
brid convolutional-temporal encoding is developed, and the temporal—spatial class activation mapping (TS-CAM) method
is introduced to interpret stress-overshoot behavior from pre-yield amorphous configuration sequences. Combined with
the TS-CAM analysis, the spatiotemporal evolution of model-salient regions associated with stress-overshoot classification
is quantitatively characterized. Furthermore, a model-derived scalar descriptor is constructed to characterize predictive
signatures correlated with stress-overshoot yielding within the present dataset. This work demonstrates the capability of
interpretable deep learning in exploring the plastic deformation mechanism of amorphous solids and provides a data-driven
insight for the yielding regulation and structural optimization of amorphous materials.

Keywords: amorphous materials, deep learning, microstructural evolution, stress overshoot
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1. Introduction

Amorphous materials are a prototypical class of disor-
dered systems that lack the long-range periodicity of crystals.
Their structure and dynamics often exhibit pronounced many-
body correlations, and they can remain trapped in metastable
regions of a rugged energy landscape over extended time
scales.!!3] Over the past decades, amorphous and glassy sys-
tems have attracted sustained interest in soft condensed matter,
metallic glasses and granular materials, and have shown con-
siderable promise in applications such as high-strength struc-
tural materials, functional devices and processing and form-

5.1481 More importantly, as relatively simple

ing technologie
model systems that nonetheless embody key mechanisms of
disorder, amorphous materials provide a unified platform for
exploring complex phenomena including the glass transition,

w, (69101 thereby helping to

jamming and yielding/plastic flo
deepen our understanding of the formation, evolution and
macroscopic response of disordered matter.

However, the research and application of amorphous
materials still face several critical challenges, among which

the yielding behavior under external shear is particularly
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representative.[!%-14 Recent molecular-dynamics simulations
under oscillatory shear have further shown that the yield-
ing transition in metallic glasses is strongly affected by
strain amplitude and thermal history, with aging below the
yield strain and irreversible rearrangements or shear-band
formation above it.!>! Extensive experiments and numerical

simulations!-13

! have shown that, during start-up shear or
continuous deformation, the stress—strain response of amor-
phous solids typically falls into two characteristic categories:
(i) stress-overshoot yielding, characterized by a nonmonotonic
transient stress response with a distinct stress maximum before
relaxation toward the steady-flow state, and (ii) smooth yield-
ing, in which the stress evolves toward steady flow without a
pronounced stress maximum. In this study, the distinction is
made using an operational criterion: a trajectory is classified
as stress-overshoot yielding when the peak stress is more than
20% higher than the steady-state stress, whereas the remain-
ing cases are classified as smooth yielding. Although a num-
ber of mechanistic pictures have been proposed — ranging
from structural yielding!'®!7! and cascades of localized plastic

eventsH8] to the formation of shear bands and stress-relaxation
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dynamics!!9-21]

— a unified microscopic explanation for the
distinct origins of overshoot versus smooth yielding remains
elusive. This difficulty is also reflected in constitutive descrip-
tions: recent homogeneous-rheology measurements on a high-
entropy metallic glass indicate that conventional free-volume
models struggle to quantitatively reproduce transient stress-
overshoot responses.[?>) Meanwhile, despite the availability of
structural characterization and statistical analyses, such as x-
ray diffraction,!?*! pair distribution function analysis!>*! and
various order-parameter-based metrics, ?> it is still difficult in
many cases to reliably identify and quantify the local regions
that contribute most significantly to overshoot-type yielding.
This limitation hampers a mechanistic understanding of yield-
ing and, consequently, the predictive modeling of deformation
responses in amorphous systems.

In recent years, driven by significant improvements
in computational hardware performance and the explosive
growth in data volume, the field of machine learning has un-
dergone rapid development. As a prominent branch, deep
learning has exhibited remarkable performance and achieved
notable success across a multitude of domains.?*°1 How-
ever, the inherent “black-box” nature of machine learning
models, particularly those in deep learning, curtails their ap-
plication in high-stakes decision-making fields such as finance
and medicine, and concurrently diminishes public trust in their
predictive outcomes. Consequently, research on the inter-
pretability of these models, a field known as explainable ar-
tificial intelligence, has emerged as a focal point of intense
interest within both academia and industry.[3%31]

Machine learning has been widely used to analyze
the structure and study the dynamical properties of amor-

[32-35] More recently, machine-learning work-

phous materials.
flows have also been used to construct composition—property
databases for ternary amorphous alloys, enabling efficient
screening of glass-forming ability and property targets. %! For
instance, machine learning has been instrumental in identify-
ing “soft spots” or localized structural features that are prone
to rearrangement under shear, predicting the potential energy
landscape and even forecasting the onset of plastic failure or
yielding from the initial undeformed structure.?”-*¥] Indeed,
while machine learning has proven effective at identifying lo-
calized structural motifs, a generalized representation of amor-
phous structure continues to be a significant hurdle owing to
its long-range disordered nature. Moreover, the high accu-
racy often achieved by these predictive models is paradoxi-
cally accompanied by a lack of interpretability. To address
this “black-box” problem, the scientific community has in-
creasingly turned to explainable Al techniques.?**°! The ap-
plication of such methods is critical for moving beyond mere
prediction, offering a pathway to extract meaningful physical

principles, quantify structure—property relationships and ad-
vance the study of amorphous state dynamics.

In this work, we systematically investigate the mechani-
cal behavior of a two-dimensional Lennard—Jones amorphous
solid under a constant shear rate using molecular dynamics
simulations. The shear deformation process is examined under
both athermal and thermal conditions. Based on the simulation
data, a precise predictive model based on EfficientNet!*!! is
proposed to predict the yielding mode of the system, specif-
ically the occurrence of stress overshoot. Compared with
baseline models, the model demonstrates superior classifica-
tion performance, achieving a maximum prediction accuracy
of 98.75%. We note that, because the label fractions vary
with temperature, temperature-related correlations may con-
tribute to the observed classification performance. To eluci-
date the model’s decision-making mechanism, we employ the
temporal—spatial class activation mapping (TS-CAM) method,
an explainability technique, to generate saliency maps. These
maps highlight model-salient microstructural regions that are
strongly correlated with stress overshoot within the present
data distribution. Finally, based on these saliency maps, a
structural scalar descriptor is defined and extracted. This pa-
rameter effectively quantifies the structural features closely as-
sociated with the stress-overshoot behavior. Furthermore, it
exhibits excellent consistency across simulations with varying
system sizes, thus effectively mitigating the influence of finite-
size effects.

2. Methodology
2.1. Simulation details

In this study, we utilize a two-dimensional (2D) bidis-
perse amorphous model.[*?] The system is subject to periodic
boundary conditions and consists of N particles in total, with
N/2 large and N/2 small particles, all having the same mass
m. The pairwise interaction between particles is described by
a truncated Lennard—Jones potential, given by

12
S -
e[ ()

0, for Tij >2.50'ij,

6
V(r[j) _ (%’/’) ] , forrj; <250, )
where r;; is the distance between particle i and particle j, and
0;; is the effective particle diameter, defined as the sum of their
radii, 0;; = R; + R;. The parameter € represents the character-
istic energy scale of the interaction.

In our simulations, the system was initialized by assign-
ing random positions to all particles within the simulation box.
We normalized the diameter of the small particles to set 1, re-
sulting in the large particles having a diameter of 1.4. Periodic
boundary conditions were applied in both the x and y direc-
tions. For each independent sample, particles were randomly

placed in the simulation box using different random seeds,
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and the resulting configurations were relaxed by conjugate-
gradient energy minimization to remove unfavorable overlaps
and obtain mechanically stable inherent structures. All simu-
lations were performed in reduced Lennard—Jones units with a
time step of Az = 0.001. The minimized configurations were
subsequently equilibrated at the target temperature for 5 x 10*
steps using a Nosé—Hoover NVT thermostat, with a thermostat
damping time of 0.05 in reduced Lennard—Jones units. Af-
ter equilibration, simple shear was imposed using the SLLOD
equations of motion together with a continuously deformed
simulation box at a constant shear rate of ¥ = 0.001. During
shear deformation, particle configurations and stress data were
recorded every 3000 steps, corresponding to a strain interval of
Ay = 0.003. Each shear simulation was run up to a total strain
of ¥ = 0.3, which is sufficient to cover the initial elastic re-
sponse, the yielding transition and the subsequent steady-flow
regime. To systematically investigate the influence of temper-
ature on the yielding behavior, shear simulations were con-
ducted at five different temperatures: 7 = 1.0, 0.1, 0.01, 0.001
and 0.0001. These temperatures were selected to span sev-
eral orders of magnitude, from a relatively high-temperature
thermal regime to an effectively athermal regime. This broad
range allows us to examine how thermal fluctuations affect the
yielding response.

To examine potential finite-size effects, we considered
systems with total particle numbers N = 128, 256, 512, 1024,
and 2048. The smallest system, N = 128, was used only
to illustrate the simulation conditions, as shown in Fig. 2(a),
whereas the subsequent model training, quantitative analysis,
and finite-size assessment were performed using the larger
systems with N = 256, 512, 1024, and 2048.
studies**** have shown that such model systems are use-

Previous

ful for investigating yielding behavior in amorphous solids
and have also highlighted the importance of finite-size con-
siderations in this context. Additional finite-size statistics and
threshold-sensitivity analysis are provided in the supplemen-
tary material.

To probe the mechanical response, the systems were sub-
jected to simple shear at a constant strain rate 7. The total
applied strain was sufficient to drive the system from its ini-
tial elastic response, through the yielding transition and into
the steady-state plastic flow regime. This loading protocol
falls within the model of non-equilibrium molecular dynam-
ics (NEMD) simulations. To systematically investigate the in-
fluence of temperature on the yielding behavior, shear sim-
ulations were conducted at five different temperatures: 1.0,
0.1, 0.01, 0.001 and 0.0001. For each temperature, 1000 inde-
pendent simulation runs were performed with different initial
configurations to ensure robust and representative statistical
results.

2.2. Dataset construction and preprocessing

For this study, we constructed a comprehensive dataset of
particle configuration images derived from 2D Lennard—Jones
amorphous systems of various sizes. The dataset comprises a
total of 4000 independent shear deformation sequences. Each
sequence consists of five temporally ordered snapshots of the
nanoscale particle configurations, capturing their evolution.
For each independent shear trajectory, the yielding strain ¥,
was first determined as the strain corresponding to the max-
imum stress in the stress—strain curve. Although ¥ can be
determined for each simulated trajectory, its absolute value
varies among independent samples. Therefore, we used the
normalized strain position 7% /7, rather than fixed absolute
strain values, to define a consistent frame-selection criterion
across all trajectories. Five input frames were then selected
at evenly spaced relative strain positions within 0.2%, < % <
0.6, namely % /7% = 0.20, 0.30, 0.40, 0.50, and 0.60. This
strain window was chosen to ensure that all selected configu-
rations remain in the pre-yield regime while being sufficiently
separated from the stress maximum, thereby minimizing the
influence of near-yield deformation features. With the particle
trajectory information recorded in the simulations, the corre-
sponding configuration images were then generated directly
from the particle positions at the selected strain values. These
sequences were generated for four distinct system sizes, with
N =256, 512, 1024, and 2048 particles, amounting to 1000
sequences per system size.

Each sequence was manually annotated based on its
macroscopic stress—strain profile, classifying it into one of two
categories: smooth or overshoot. The entire dataset was then
partitioned into training, validation, and test sets following a
7:1:2 ratio. Specifically, for each system size, 700 sequences
were allocated for training, 100 for validation, and 200 for test-
ing. This balanced partitioning scheme is designed to ensure
robust statistical analysis and to provide an unbiased evalua-
tion of the model’s performance.

It should be noted that these labels are operational labels
derived from the stress—strain response of the same simulation
trajectories that provide the input image sequences. Therefore,
the learning task is designed to identify predictive correlations
between pre-yield configurations and subsequent yielding re-
sponses, rather than to establish a causal structure—property
relationship.

2.3. The yielding-mode predictive model

To address the two distinct yielding modes in amorphous
materials — namely, yielding with a stress overshoot and
smooth yielding — we have developed a precise predictive
model based on deep learning. The model utilizes a convo-
lutional neural network (CNN) as its backbone for spatial fea-
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ture extraction, integrated with a time-series modeling module
to effectively capture the spatiotemporal correlations within
the local stress field preceding yielding. The results demon-
strate that this approach can accurately classify the final yield-
ing mode using only image sequences from the pre-yielding
stage. Furthermore, by employing feature-contribution analy-
sis, the model identifies model-salient regions that are associ-
ated with the predicted yielding mode. These regions reflect
the information used by the neural network for classification
and should not be directly interpreted as microscopic mecha-
nisms of yielding.

Figure 1(a) illustrates a typical pre-yielding sequence in
a 2D amorphous system, where each frame is an image of
the non-affine displacement field. From left to right, as the
simulation temperature increases, the yielding behavior transi-
tions from an overshoot-dominated regime to a smooth yield-
ing regime. The latter is associated with a proliferation of nu-
merous plastic events. The system contains N = 512 particles.
Each sequence is composed of five frames, with each frame
having a resolution of 224 x 224 pixels.

The input to the proposed predictive model consists of
sequences of 2D amorphous image frames, each sequence be-
ing associated with a ground truth label. An image sequence,
denoted as I; = {Iil ,Iiz,lf,lf, e ,Iij}, where Iij represents the
Jjth frame in the ith sequence, is first fed into the CNN back-
bone. We employ EfficientNet as the backbone network to
ensure robust feature extraction capabilities. Specifically, we
employed the EfficientNet-BO model with a width coefficient
of 1.0, a depth coefficient of 1.0, and a dropout rate of 0.2. The

Smooth (c)

(a) Overshoot

() Temperature increases)

CNN backbone

p» &

Y’ . g
= - b

! B

T X 256 B{

coog

model was initialized with pre-trained weights provided by the
official implementation to ensure efficient feature extraction
and strong generalization performance. For each frame, the
CNN backbone outputs a spatial feature vector, which is sub-
sequently projected to a uniform 256-dimensional space via
a mapping layer. The resulting sequence of frame-level fea-
ture vectors is then processed by a two-layer long short-term
memory (LSTM) network. In our experiments, the tempo-
ral network utilized a two-layer LSTM model with a hidden
layer dimension of 256. This was determined as the minimal
dimension through experimentation, balancing computational
speed and modeling efficiency. The model was trained for
100 epochs using the Adam optimizer with a learning rate of
1 x 107* and a batch size of 16. The cross-entropy loss was
used as the optimization objective. During training, the vali-
dation set was used to monitor the model performance.

The LSTM network outputs a single vector, stF;, which
encodes the comprehensive spatiotemporal information of the
entire input sequence. This vector stF; is then passed through
a classifier to yield the predicted probability distribution, Y;,
for the ith sequence. Our objective is to train the model by
minimizing the loss between the predicted distribution Y; and
the true label ¥;. Here, I(+) acts as an indicator function, taking
the value 1 if the condition inside the parentheses is satisfied
and 0 otherwise. In this context, /(¥; = 1) equals 1 when the
ith sequence belongs to the positive class and 0 otherwise. The
cross-entropy cost function we utilize is defined as

~
i

L=-Y. [I(Y,»: 1)log¥;+1(Y; = 0)log (1—Y)} )

Temporal—spatial class activation map (TS—CAM)
g | 4

Class probability

Fig. 1. Amorphous sequence data and the proposed predictive model. (a) Configuration sequence of a 2D amorphous system under shear.
From left to right, as the NVT simulation temperature gradually increases, the system transitions from overshoot yielding to smooth yielding.
(b) Schematic of the predictive model. Each frame is encoded into a feature vector through a CNN backbone, the sequence features are processed
by a two-layer long short-term memory (LSTM) to capture temporal information, and finally the probability of the yielding type is output through
a fully connected layer. (c) Spatiotemporal class activation heatmap. The heatmap combines CNN frame-level feature vectors and LSTM outputs
to highlight the key frames contributing to the prediction. The numbers below each heatmap (e.g., 0.13, 0.14,...) quantify the contribution of
each frame in the sequence to the classification of stress-overshoot yielding.

098301-4



Chin. Phys. B 35, 098301 (2026)

Figure 1(b) illustrates the training and learning process
of the proposed model using the amorphous sequence dataset,
which ultimately yields an accurate probability value for the
corresponding yielding mode.

As depicted in Fig. 1(c), we visualize the intermediate
outputs of the network: the spatial microstructural feature vec-
tors extracted by the CNN backbone and the temporal feature
vectors encoded by the LSTM model. This is achieved using
the TS-CAM technique to generate contribution maps across
both the spatial and temporal dimensions. These maps serve to
quantify the respective roles of these features in the discrimi-
nation process for the overshoot yielding mode.

2.4. TS-CAM technology

To quantify the contribution of various regions within an
image sequence to overshoot yielding, both spatially and tem-
porally, we have developed TS-CAM. This technique, based
on Grad-CAM,®! is designed to visualize the contribution of
spatiotemporal regions throughout the image sequence.

Consider a neural network for classification, where the fi-
nal layer is a softmax over classes. Let y“ denote the output
score for class c of interest. For each frame ¢, let A’I‘,q(t) be
the activation of the kth channel at spatial location (p,q) in a
selected convolutional layer. The importance weight of chan-
nel k for class c at time ¢ is obtained by globally averaging the
gradients over all spatial locations, where Z is the total number
of spatial positions (i.e., Z = H x W for a H x W feature map)

e 1 dy*
o (t) = 2§;m~ 3)

Finally, the class activation map for each frame is ob-
tained by computing a weighted sum of the feature maps from
the final convolutional layer, where the weights are the neu-
ron importance scores (i.e., the gradients averaged over spatial
positions) calculated previously. A ReL.U operation is applied
to this linear combination to retain only the spatial locations
that positively contribute to the classification of interest, while
setting negative contributions to zero. Conceptually, this cor-
responds to a weighted superposition of feature channels, with
each channel scaled by its importance.!*! For a sequence of
T frames, the resulting frame-wise class activation maps are
denoted as H,(r), where t = 1,...,T. Here, T represents the
total number of frames in the input image sequence. The fi-
nal temporal—spatial class activation map for class c is then
defined as

H¢, (1) = ReLU (Z a,f(t)A’;,q(t)> . (4)
k

After obtaining the frame-wise class activation maps
H,,(t) from TS-CAM, we compute a scalar score S(r) for each
frame to quantify its overall contribution to the classification

of the sequence. Specifically, S(¢) is defined as the sum of
activations over all spatial locations

S(t)=Y H;, (1), )
pPq

where the summation runs over all spatial positions (p,q).
Here, t = 1,...,T and T denotes the total number of frames
in the input sequence. S(¢) provides a concise measure of how
strongly each frame influences the model’s decision.

3. Results and analysis
3.1. Yielding behavior and dynamical signatures

We performed shear simulations on a 2D Lennard—Jones
glass to investigate its mechanical behavior and dynamical
signatures. Figure 2(a) shows a representative instantaneous
configuration of the amorphous solid with N = 128 under a
fixed shear rate Y = 0.001. It can be seen that the amorphous
solid is composed of two particle species, and it exhibits long-
range disorder with no stable crystalline lattice structure. To
eliminate the influence of simulation-box deformation, we ap-
ply a de-affine transformation to all configurations, following
Ref. [46].
instantaneous configuration before and after this procedure:

Figures 2(b) and 2(c) compare a representative

the left panel shows the configuration under the apparent dis-
tortion induced by box deformation whereas the right panel
presents the corresponding de-affined configuration. To visu-
alize the spatial distribution of particle energy more clearly,
particles are rendered with a color fill, where darker colors in-
dicate higher energy. It is evident that, under NEMD shear, the
energy distribution in the amorphous solid is spatially hetero-
geneous. Moreover, the de-affine transformation does not alter
the particles’ relative positions or their energy values, but only
removes the global affine contribution associated with the box
deformation.

We record the stress—strain response in a representative
NEMD shear run, as shown in Fig. 2(d). The curve exhibits
a pronounced multi-step serrated pattern, similar to that re-
ported in Ref. [47]. Such serrations are a typical feature of
amorphous solids at small strains and are generally associ-
ated with successive, localized rearrangements that continu-
ously induce slight structural remodeling. For a single amor-
phous system, the measured stress is intrinsically noisy and
inevitably affected by thermal and mechanical fluctuations. To
mitigate these fluctuation effects, we perform statistical aver-
aging over multiple independent realizations prepared under
identical conditions, which reveals a clear and reproducible
trend. As summarized in Fig. 2(e), upon decreasing the tem-
perature, the yielding behavior evolves from smooth yielding
at high temperature to an overshoot-type yielding at low tem-
perature. To better resolve the elasto-plastic response in the
small-strain regime, we further plot the stress—strain data in a
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Affine configuration (frame 61)

Non-affine configuration (frame 61)
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Fig. 2. Mechanical response of two-dimensional amorphous materials under shear. (a) Representative configuration of a 2D Lennard—Jones
amorphous system with N = 128 under simple shear, shown only to illustrate the simulation geometry and particle arrangement. (b) Affine
particle configuration. (c) Corresponding non-affine configuration after removing the global affine deformation. (d) Single-run stress—strain
response of a system with N = 1024, showing serrated stress fluctuations associated with localized plastic events. (e) Averaged stress—strain
curves for systems with N = 1024 sheared at 7 = 0.001 over a range of temperatures (7 = 1.0,0.1,0.01,0.001,0.0001). (f) Log—log stress—strain
representation for 7 = 1.0 and T = 0.001, emphasizing the distinct initial elastic responses of thermal and athermal-like systems.

log—log representation, as shown in Fig. 2(f). This represen-
tation highlights the pronounced elastic response of the amor-

phous solid during shear start-up.

3.2. Classification results for yielding modes

We constructed a predictive model based on a hybrid
CNN-LSTM architecture to distinguish different yielding
modes, and systematically evaluated the classification perfor-
mance using area under the curve (AUC) for different datasets.
The AUC is defined as the area under the receiver operat-
ing characteristic (ROC) curve, and the ROC curve is drawn
from the true positive rate (TPR) and the false positive rate
(FPR). An AUC of 0.5 indicates that the model performs no
better than random guessing, whereas an AUC of 1.0 cor-
responds to perfect discrimination. Next, we compared the
classification metrics of the proposed model with the results
of other sequence classification networks. The networks we
chose for comparison are AlexNet,[*8] VGG, !*! DenseNet!>%
and ResNet.’! Table 1 presents the AUCs of our classifica-
tion model under different datasets.
have AUC > 0.81, indicating that the classification model is
very efficient for identifying the yielding modes.

Four of these datasets

To more clearly compare the performance of different
models and assess robustness under varying conditions, we
performed additional experiments. Figure 3(a) shows the ROC
curves and corresponding AUC values for different classifiers

on the test set with N = 512. Among them, the proposed

model using EfficientNet as the backbone achieves the best
performance, with an AUC of 0.975, demonstrating a strong
ability to discriminate between the two yielding modes. It is
worth emphasizing that, although a high AUC provides an in-
tuitive measure of overall discrimination, it does not fully cap-
ture class-specific prediction behavior. To this end, Fig. 3(b)
presents the confusion matrix of the proposed model, which
directly visualizes correct predictions and misclassifications
for both classes, thereby offering a more detailed view of class
sensitivity and error patterns.
Table 1. Comparison of mean classification AUC for the proposed model

with different CNN backbones. The evaluation was performed on datasets
with system sizes N ranging from 256 to 2048.

Model N=256 N=512 N=1024 N =2048
AlexNet 0.852 0.964 0.896 0.868
VGG 0.864 0.980 0.914 0.886
ResNet 0.876 0.980 0.932 0.904
DenseNet 0.888 0.966 0.949 0.922
Ours (EfficientNet) 0.913 0.975 0.973 0.946

Figure 3(c) further reports how the AUC of the proposed
The AUC increases
markedly with N and then gradually saturates; specifically, the
AUC is about 0.92 for N = 256, increases rapidly for N =512,
and then shows only marginal improvement for larger sys-

model varies with the system size N.

tems. This trend indicates that larger systems provide more
stable macroscopic yielding responses and richer statistics of
microstructural features, thereby mitigating finite-size fluctu-
ations that can compromise labeling and representation learn-
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ing, and ultimately improving separability and generalization.
In Fig. 3(d), we examine the effect of the input sequence length
L (i.e., the number of consecutive frames fed into the LSTM)
on classification performance. The AUC increases monoton-
ically with L and saturates around L ~ 5: when only short
sequences are used, L = 2 and the AUC is approximately 0.82,
whereas increasing to L = 4 boosts the AUC to 0.97. Further
increasing to L = 5 yields only limited improvement, reaching

a plateau near 0.98. These results suggest that yielding-mode
identification benefits not only from single-frame spatial infor-
mation but also from short-time dynamical evolution. At the
same time, the decisive “dynamical fingerprints” are largely
contained within a finite temporal window, beyond which ad-
ditional frames contribute little marginal information. Balanc-
ing accuracy against computational cost, we therefore choose
L = 5 as a reasonable default for subsequent experiments.
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Fig. 3. Comparison of classification performance. (a) ROC curves for the proposed model with different CNN backbones evaluated on the test
set at system size N = 512. (b) Confusion matrix of the best-performing model on the test set. (c) Finite-size analysis showing the dependence of
AUC on system size N. (d) Effect of input sequence length L as measured by the number of consecutive frames fed into the LSTM on the AUC.

O.8kg ON=256 -1

~ oN=512

=}

ERN{ NS & AN=1024 1

£ ~T> O N =2048

< O~ -~ ~

& 0.6 -~ ~ -~ b

3 Tes L ol S

g 0.5»O \\ﬂ\\:\O\ ]

% 0_4k\\\ \\\%\\\:\ 1

% ~ _ \\\:Q

» 0.3F o - _ .

0] o T <

2 0.2f =% 3

0 =~ w0
0.1 1 1 - 1 1 1

104 1073 102 101 10°

Temperature, T'

Fig. 4. Temperature dependence of the stress-overshoot fraction for
different system sizes. Dashed lines are linear fits highlighting the
temperature-dependent trend for each system size.

Figure 4 presents the finite-size dependence of the stress-
overshoot fraction under different temperature conditions. The
lower overshoot fraction in smaller systems suggests that
pronounced stress overshoot can be partly smeared out by
stronger finite-size fluctuations in the stress—strain response.

As the system size increases, the overshoot fraction becomes

more stable, indicating that the yielding statistics are less dom-
inated by sample-to-sample fluctuations. This finite-size trend
provides useful support for the stress-overshoot-based label
assignment used in the present classification task. More de-
tailed data and related analyses are provided in the supplemen-
tary material.

3.3. Visualizations and interpretability analysis

Although deep learning models have achieved impres-
sive performance across a wide range of tasks, their black-box
nature limits the verifiability of the predictions and makes it
challenging to interpret the relationships between the learned
features and the underlying data. To examine whether the
discrimination of the two yielding modes by the proposed
model is supported by interpretable structural signatures, and
to assess the necessity of the CNN-LSTM temporal hybrid
architecture, we visualize the learned representations using
t-distributed stochastic neighbor embedding (t-SNE). This
nonlinear dimensionality-reduction technique embeds high-

dimensional features into a 2D space while approximately pre-
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serving local neighborhood relationships, thereby providing
an intuitive view of class clustering and separability.
Specifically, we extract feature vectors of amorphous con-
figuration sequences from the test set and perform t-SNE map-
ping for the static features produced by the CNN backbone and
the spatiotemporal features further encoded by the LSTM. As
shown in Fig. 5(a), the static features exhibit substantial over-
lap in the 2D embedding, with no clear decision boundary be-
tween the two classes; moreover, the distribution evolves con-
tinuously from smooth yielding to overshoot yielding. This
indicates that single-frame structural information has limited

discriminative power and is insufficient for robust classifica-
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tion. In contrast, Fig. 5(b) shows a pronounced separation in
the spatiotemporal feature space, where samples from the two
yielding modes form relatively distinct clusters. This obser-
vation suggests that the LSTM effectively introduces temporal
correlations associated with shear-driven structural evolution,
capturing key spatiotemporal information that markedly en-
hances class separability. These results, from the perspective
of representation learning, corroborate the effectiveness of the
CNN-LSTM hybrid modeling: relying solely on CNN-derived
static features does not support stable classification, whereas
incorporating spatiotemporal evolution is essential for distin-
guishing the two yielding modes.
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Fig. 5. Visualization and analysis of the test set data. (a) The feature space of static image feature vectors extracted by EfficientNet, visualized
using the t-SNE technique. This shows that the image vectors from overshoot to smooth yielding change continuously. (b) The feature vector
of the last frame of the LSTM module, which represents a comprehensive encoding of the spatiotemporal structure of the entire time series.
This vector exhibits good separation in the feature space, indicating that the proposed model can effectively utilize sequential spatiotemporal
features to distinguish between different modes. (c) Visualization of the proposed model’s convolutional layers using TS-CAM, showing the
spatiotemporal heatmap for a stress-overshoot sample. The color bar represents the normalized TS-CAM activation values from 0 to 1. Warmer
colors, especially red regions, indicate image structures with higher activation values and stronger relevance to stress overshoot.

We employ the TS-CAM method introduced in Subsec-
tion 2.4 to generate class-activation heat maps for sequences
of amorphous configurations, which quantify the contribution
of each spatial location at every time step to the final predic-
tion. The workflow for producing these heat maps is illustrated
in Fig. 1. Specifically, by visualizing the spatial gradients at
the pixel level, we identify the regions in the configuration im-
ages that the model relies on when making its decision. The
resulting heat maps therefore highlight the image patches that
are most strongly activated by the neural network. Figure 5(c)
presents TS-CAM visualizations for an amorphous configura-
tion sequence exhibiting overshoot yielding under shear. The

class-activation heat map can be regarded as an infrared-like

image: darker colors indicate locations that contribute more
strongly to the classification decision — here, regions that are
more influential for identifying the overshoot behavior. From
left to right, the panels correspond to successive frames of the
same sequence together with the predictions of the proposed
model. The results show that the model’s salient regions are
not fixed; instead, the locations most relevant to the yielding
response evolve in both space and time during deformation.

It should be emphasized that the TS-CAM maps are
interpreted here as model-salient regions rather than direct
microscopic mechanisms. In the present input representa-
tion, these regions indicate where the network extracts the

strongest predictive signals from the pre-yield configuration
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sequence. Their spatial localization is consistent with the het-
erogeneous nature of amorphous plasticity, in which localized
particle activity may precede larger-scale rearrangements. No-
tably, the stress-overshoot-related zones evolve spatially over
time during shear, whereas their overall statistical state be-
comes relatively stable after the system enters the steady-flow
regime. However, because no quantitative comparison with
established descriptors, such as non-affine displacement, lo-
cal strain, shear transformation zones or soft-spot indicators,
is performed in the present work, we do not identify these re-

gions as a specific microscopic plasticity mechanism.

3.4. Localization and quantification of overshoot-related
zones

Because the key regions highlighted by the deep learn-
ing model vary in their spatial extent, we introduce a unified
and quantifiable descriptor for the salient structures identified
under different conditions. We call the regions recognized by
the proposed model that contribute to the overshoot-yielding
mode overshoot-related zones (ORZs).

We introduce a model-derived scalar descriptor 4 to quan-
tify, from a configuration sequence of an amorphous system,
the degree to which the sequence is associated with over-
shoot yielding. To construct a sequence-level scalar descriptor,
we first normalize the frame-wise contribution score S(¢) us-
ing min—max normalization. The scalar descriptor 4 is then
defined as the average normalized contribution over the T
frames. Here, Sy, and Spax denote the minimum and max-
imum values of S(¢) within each sequence, respectively, and
€ is a small constant introduced to avoid numerical instability.
While % serves as a unified, quantitative descriptor generated
by the proposed model rather than a conventional physical ob-
servable, it effectively captures how the system’s structure re-
sponds to external shear and reflects the propensity of each test
sequence toward overshoot yielding based on S(¢) defined in
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Figure 6 shows the structural signatures of the ORZs ex-
tracted by the proposed model for the two yielding modes.
One can see that both S(¢) and 4 clearly discriminate the two
modes, with overshoot-yielding samples exhibiting markedly
stronger ORZ signatures. In this study, the distinction between
smooth and overshoot-dominated responses was mainly ob-
tained by varying temperature, while the observed yielding be-
havior may also be influenced by the shear rate and the initial
configuration. By systematically analyzing the simulation data
under different temperatures, shear rates, and initial configu-
rations, we observed that the operational yielding labels of the
2D Lennard—Jones system exhibit a relatively sharp crossover
between smooth and overshoot-dominated responses within
the present dataset. Accordingly, after computing the scalar
descriptor 4 and sorting the samples by a prescribed rule, &
exhibits an S-shaped curve with a sharp variation in the in-
termediate region. The scalar & thus provides a clear separa-
tion between overshoot and smooth yielding in the context of
the proposed model. Its S-shaped profile becomes sharper for
larger system sizes N, reflecting the model’s increasing abil-
ity to discriminate yielding modes, although further work is
required to establish direct correlations with physically mea-
surable quantities.

Overall, these results demonstrate that the proposed
model can accurately predict the yielding mode using only
pre-yield configuration sequences of 2D amorphous materials
while simultaneously enabling a quantitative characterization
of the ORZ in both space and time. This capability highlights
the substantial potential of the proposed model for studying
shear yielding in amorphous solids.
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Fig. 6. Evolution and statistics of the scalar descriptor / in amorphous configuration sequences. (a) S(¢) denotes the structural signatures of
the ORZs identified by the proposed model from the configuration at frame 7. As shear loading proceeds, S(r) evolves in time for both yielding
modes and exhibits pronounced sample-to-sample variability. (b) A scalar descriptor % is constructed based on S(¢). After ranking the samples
according to the prescribed rule, i follows a characteristic S-shaped trend. In particular, for sequences corresponding to smooth yielding, the
signatures of the ORZs captured by the proposed model remain weak overall.
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4. Conclusion

In this work, we develop a precise predictive model
based on deep learning to accurately identify yielding modes
in 2D amorphous systems under shear loading. Trained on
molecular-dynamics simulation data with different particle
numbers, the model takes time sequences of amorphous parti-
cle configurations as input and achieves high-precision classi-
fication of yielding behaviors. To further elucidate the phys-
ical basis underlying the model’s decisions, we adopt an im-
proved TS-CAM approach. The resulting class-activation heat
maps clearly localize the key structural regions that contribute
strongly to the model’s prediction of overshoot yielding, in-
dicating that the model does not rely on incidental noise but
instead captures robust structural signals correlated with the
yielding response.

Based on the heatmaps generated by the proposed model,
we extracted and constructed a new scalar descriptor that
quantitatively characterizes the key structural regions play-
ing a decisive role in stress-overshoot yielding and their spa-
tiotemporal evolution throughout the configuration sequence.
These structural signals are derived from the output of the
neural network based on sequence images. Future research
will further explore the relationship between these signals and
known deformation mechanisms, such as shear transformation
zones and soft spots. The system size dependence of this scalar
descriptor is consistent with the theoretical expectations from
finite-size effects, supporting its usefulness as a model-derived
descriptor within the present dataset.

In summary, our study demonstrates that deep learning
methods, combined with interpretability strategies, can ef-
fectively identify key structural information associated with
macroscopic mechanical behaviors in complex disordered
systems, providing a data-driven approach to understanding
yielding mechanisms. While the current results are obtained
for 2D Lennard—Jones amorphous systems and cannot be di-
rectly generalized to all amorphous materials, they reveal dis-
tinct yielding modes and the potential of deep learning to cap-
ture physically relevant structural signatures. This work de-
velops a precise predictive model, providing a new approach
for investigating yielding behaviors and offering a foundation
for future studies to validate and extend the method to three-

dimensional or more realistic systems.
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