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This study utilizes molecular dynamics simulations to examine the mechanical response of Cu/Zr multilayer
nanofilms under tension and compression deformation with the assistance of machine learning. The results
demonstrate slip behavior during the tensile process, occurring exclusively in the Cu film, and phase trans-
formation during the compression process, occurring solely in the Zr film. Additionally, this study investigates
the effects of temperature, layer thickness, and strain rate on dislocation evolution within nanofilms. This study
reveals that lattice disorder in Cu/Zr nanofilms mitigates the impact of external conditions by inhibiting the
reverse movement of dislocations. Temperature and strain rate significantly affect the mechanical behavior,
while the number of layers is negligible. Therefore, temperature and strain rate primarily influence plastic
deformation in Cu/Zr nanofilms. Additionally, the research elucidates how temperature, strain rates, and layer
configuration contribute to lattice disorder. These findings offer novel insights into the mechanical character-
istics and deformation mechanisms of Cu/Zr at the atomic scale.

1. Introduction

Multilayer nanofilms (MNFs) have garnered significant interest due
to their versatile applications, stemming from the ease with which their
production processes can be customized to meet specific performance
criteria [1-3]. Recent studies have focused mainly on the nanostructures
and electromagnetic properties of MNFs, highlighting their potential in
various technological fields [4-7]. Nanoscale metallic multilayers have
received global interest in recent years [8-11] and have shown signifi-
cant promise for various applications, including gear, bearing, and
cutting tool coatings. The manipulation of mechanical properties,
including strength, hardness, ductility, and morphological stability, is
predominantly achievable through the strategic design of microstruc-
tures at the nanoscale [12]. A significant body of experimental and
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theoretical research has investigated these materials’ physical and me-
chanical characteristics. These inquiries encompass an array of proper-
ties, such as hardness [13-15], plasticity, fracture behavior [16-17],
fatigue properties [18-20], and internal stress dynamics [21-23].
Numerous MNFs have mechanical flaws that impair their function-
ality. To increase MNFs’ dependability, looking into their mechanical
properties and processing is crucial. However, detecting the mechanical
characteristics and processing reactions of MNFs presents considerable
obstacles for experimental approaches, especially in the case of atomic-
scale sliding friction. Molecular dynamics (MD) simulations are useful
for studying metallic nanolaminates’ deformation behavior. These
methods are widely used to investigate the mechanical properties of
multilayer structures [24] and are increasingly used to examine the
development of atomic-level flaws. This comprises nano-indentation

Received 22 March 2025; Received in revised form 9 May 2025; Accepted 18 June 2025

Available online 23 June 2025

0022-3093/© 2025 Elsevier B.V. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


https://orcid.org/0000-0002-7032-3193
https://orcid.org/0000-0002-7032-3193
mailto:fang@nkust.edu.tw
www.sciencedirect.com/science/journal/00223093
https://www.elsevier.com/locate/jnoncrysol
https://doi.org/10.1016/j.jnoncrysol.2025.123682
https://doi.org/10.1016/j.jnoncrysol.2025.123682
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jnoncrysol.2025.123682&domain=pdf

H.-G. Nguyen et al.

[25,43], nano-scratching [26-28], tension [29-33], nano-cutting [34,
35], and cyclic plasticity [36-42].

Cu/Zr MNFs are categorized as quasi-brittle materials, and at room
temperature, they usually exhibit little tension ductility. The mechanical
properties and deformation behaviors of Cu/Zr MNFs have been the
subject of numerous experimental investigations [44-50], while other
studies [51-56] have used molecular dynamics (MD) simulations to
examine these properties. It is difficult to ascertain experimentally how
temperature, growth direction, and layer count affect the mechanical
properties of Cu/Zr MNFs.

The mechanical behavior of Cu/Zr MNFs is investigated in this study
using molecular dynamics (MD) simulations with the assistance of ma-
chine learning to examine the effects of temperature, strain rate, and
layer design. Microstructural evolution and stress-strain responses are
investigated. The paper is organized as follows: The MD modeling
techniques are described in Section 2; the tension and compression
loading processes of Cu/Zr MNFs are explained in Section 3; the main
deformation mechanisms are examined in Section 4; and the study’s
conclusions are summarized in Section 5.

Machine learning (ML) is a powerful tool for analyzing large datasets
by training models that can perform classification, feature selection, and
outcome prediction in new experiments. It also supports researchers in
data-intensive fields by helping design experiments to optimize perfor-
mance or improve hypothesis testing efficiency. ML transforms data
collection, analysis, and interpretation across various scientific domains,
including nano-optoelectronics, catalysis, and bio-nano interfaces.
These approaches are expected to develop into domain-specific stan-
dards, further integrating statistical methods into research. Addition-
ally, the field of nanoscience offers the potential to propel ML forward by
developing electronic or photonic hardware designed for more efficient
algorithm implementation compared to traditional computing systems.
Enhancing collaboration between these fields would benefit both sci-
entific communities significantly.

This study will use ML techniques to predict stress values from mo-
lecular dynamics (MD) simulation data. The growing application of ML
in materials science has been driven by its numerous benefits. For
example, real-world experiments with superconducting materials are
often expensive and complex to carry out [57]. Deep learning has
emerged as a highly effective and reliable approach for applications in
materials science [58]. Specifically, integrating ML with MD simulations
has improved the accuracy of predicting mechanical properties of
high-entropy alloys (HEAs), showing consistent results across both
techniques. This integration bridges the gap between MD and ML,
significantly reducing the time, cost, and effort involved in experimental
testing while also accelerating advances in nanomaterial research and
applications, as demonstrated by [59].
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This study aims to compare different machine learning techniques
applied to predicting stress values from molecular dynamics (MD)
simulation data. These include traditional generative models like
Gaussian Process Regression and more modern neural network-based
approaches, such as feedforward neural networks, convolutional neu-
ral networks, recurrent neural networks, long short-time memory, and
gated recurrent networks.

2. Methodologies analysis and research hypotheses
2.1. Model of MD simulation

The samples were subjected to uniaxial tension and compression
loads, as shown in Fig. 1, and the results were analyzed to determine the
plastic deformation properties of Cu/Zr MNFs. Fig. 1 shows the various
structural arrangements. The copper-oriented face-centered cubic (FCC)
arrangement is shown in red, the zirconium-oriented hexagonal close-
packed (HCP) arrangement is shown in blue, the body-centered cubic
(BCC) arrangement is shown in blue, and the amorphous configuration
is shown in gray. Before reaching thermal equilibrium, the sample had a
recognizable arrangement of atomic layers. Both face-centered cubic
(FCC) and hexagonal close-packed (HCP) metallic multilayer films dis-
played a preference for alignment along the [1 1 1] plane, thereby
necessitating the adoption of this orientation across all numerical
simulation investigations. The physical model of the simulation is the
Cu/Zr ingot shown in Fig. 1. The model size is 400x150x50 A3
(LxWxH), consisting of 188,446 atoms. The model comprises 50 % Cu
and 50 % Zr layers arranged horizontally. The specimens consist of
alternating Cu and Zr layers with thicknesses of 2.5, 3.33, 4, 5, 6.67, and
10 nm, corresponding to 16, 12, 10, 8, 6, and 4 total layers, respectively.
The conjugate gradient method is employed to attain specimens exhib-
iting minimal potential energy, facilitating the establishment of work-
pieces in a stable configuration before subjecting them to compressive
and tensile loading procedures [60,61]. The simulation involves four
main stages: initial relaxation, heating, holding, and quenching. A
crystalline CuZr alloy is first relaxed at 300 K for 50 ps. It is then
gradually heated to 2500 K over 44 ps, followed by a 40 ps holding
period to ensure complete phase transformation to the liquid state. The
system is subsequently quenched to 300 K over 25 ps to obtain an
amorphous glassy structure [62,63]. Periodic boundary conditions
(PBCs) are applied in all three spatial directions. The simulations are
conducted in the isothermal-isobaric (NPT) ensemble, with the pressure
maintained at zero. A time step of 2 fs is used throughout the simulation.
The loading scenarios involve tension and compression along the x-axis,
maintained at constant strain rates ranging from 10° to 10% s
Deformation loading is regulated by strain amplitude (¢ = + 0.1).

(b)e=0.1

X

Fig. 1. The diagram of the atomistic model of Cu/Zr MNFs structures during the modeling simulation process(a), tension (b), and compression process (c).
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Ensuring thermodynamic equilibrium requires a relaxation period of
200 picoseconds, conducted at 200 K to 600 K.

Molecular dynamics (MD) simulations were performed using the
open-source software LAMMPS [64]. Interatomic interactions among
Cu—Cu, Zr-Zr, and Cu-Zr pairs were described using the many-body
embedded atom method (EAM) potential [65], with parameterizations
developed by Mendelev et al. [66,67], for modeling atomic interactions
in the workpiece. Post-processing and visualization of simulation out-
comes are executed through the open-source visualization tool OVITO
[68,69]. Atomic structural distinctions are identified via the joint
neighbor analysis (CNA) method [70], while the dislocation extraction
algorithm (DXA) [71,72] is employed to scrutinize dislocation struc-
tures. All simulations are performed under standard constant tempera-
ture (NVT) ensemble conditions, with temperature regulation
accomplished using the Nose-Hoover thermostat technique.

2.2. Al algorithms prediction

2.2.1. The gaussian process regression and kernel methods

Gaussian Process Regression (GPR) is a powerful, non-parametric
Bayesian approach for regression tasks [73]. Unlike linear or poly-
nomial models, which assume a specific form for the data, GPR uses a
probabilistic framework to estimate the distribution over possible
functions that fit the data. This allows for high flexibility, especially
when working with complex, noisy data, e.g., from material engineering
[741.

a. Overview of GPR

GPR defines a prior over functions f (x) that model the relationship
between inputs and outputs, with the assumption that these functions
follow a multivariate Gaussian distribution [73]. The central idea is that
any finite set of function evaluations f (x7), f (x2), . . ., f (xp) follows a
joint Gaussian distribution. The key elements in this process are the
mean function and the covariance function (also known as the kernel).
The mathematical model for GPR is:

YOI =f() +e @

where y(x) represents the observed output, f (x) is the true function we
aim to learn, and ¢ ~ N (0, 62) is Gaussian noise.
The Gaussian Process prior to f (x) is defined as:

f () ~ GP(m(x), k(x, x’)) 2

where, m(x) is the mean function, typically set to O unless prior
knowledge suggests otherwise, and k(x, x’) is the covariance function
(or kernel) that measures the similarity between data points.

b. Predictive Distribution

Given a training set { (x;,yi) }_,, the GPR model provides a posterior
distribution for predictions at new input points x« This posterior is
Gaussian, with mean and variance given by:

Ha = KX+, KX, X))y 3)
v = K(X+, X2) — K(Xs, X)K(X, X)7'K(X, X) 4

Where, K(X, X) is the covariance matrix between training points, K(X+,
X) is the covariance matrix between the test and training points, p- is the
mean prediction for the new input, and the X: represents the
uncertainty.

2.2.2. Kernel functions in GPR

The choice of kernel (covariance function) is critical to the perfor-
mance of the GPR model [75]. The kernel determines how the model
measures similarity between input data points and thus governs the
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shape of the functions that can be fitted. Below are some of the most
widely used kernel functions.

a. Squared Exponential Kernel (RBF Kernel)

The Squared Exponential (SE) kernel, also known as the Radial Basis
Function (RBF) kernel, is given by:

L=ty ®)

k(x,x) = afzexp( -2z

Where,af2 is the signal variance, controlling the amplitude of variation,
and 1 is the length scale, determining how quickly the function varies.

b. Matern Kernel

The Matern kernel family is more flexible than the SE kernel in
controlling smoothness. It is given by:

_ %(ml\ JIC* X H)VKV (\/27” ch - H)

k(x, x') (6
where K, is the modified Bessel function of the second kind. Common
choices are v=3/2 and v = 5/2, producing once and twice differentiable
functions, respectively.

¢. Rational Quadratic Kernel

The Rational Quadratic (RQ) kernel generalizes the SE kernel, and is
defined as:

K(x,x) = a,%<1 + ("”")2)7“ @)

2al?
where o controls the relative weighting of different length scales.
d. Linear Kernel

The Linear kernel models linear relationships between inputs and
outputs, and is given by:

k(x,x) = 6% + 6%(x,x) (®
where o2 is a biased term, and 62 controls the linear scaling.

2.2.3. Discriminative ML predictive models

In addition to GPR, deep learning techniques offer powerful alter-
natives for regression tasks. This section explores the effectiveness of
neural network-based methods for predicting stress values from MD
simulation data, effectively used in a recent study [59]. These models
will be compared regarding evaluation metrics, complexity, and
computational resources.

1. Feedforward Neural Network (FFNN): A basic neural network
model with multiple layers. For each layer, the output is computed
as:

y=f(Wx+b) 9

where W and b are the weights and biases, and f is the activation
function.

2. Convolutional Neural Network (CNN): Primarily used for image
data, CNNs can also capture local dependencies in sequential data
using convolutional layers:
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¥y = Wy-(ReLU(W, *x+b,)) + by (10)

3. Long Short-Term Memory (LSTM): LSTM networks capture long-
term dependencies in sequences by maintaining a memory state:

h, = o, ® tanh(c,) 1)

where o, is the output gate, and c; is the cell state.

4. Bidirectional LSTM (BiLSTM): An extension of LSTM that pro-
cesses input sequences in both forward and backward directions:

he= A h] 12)

5. Gated Recurrent Unit (GRU): A simplified variant of LSTM that
combines the forget and input gates:

hi=(1-2)0h1+z0h (13)

6. Recurrent Neural Network (RNN): RNNs model sequences by
maintaining a hidden state that evolves:

h, = tanh(Wy:[h,_1, x| + bp) a4

By comparing these models, we aim to identify the most effective
method for predicting stress values from MD simulations, balancing
model complexity, accuracy, and computational efficiency.

2.2.4. Evaluation metrics

When developing a regression model, it is essential to assess its
performance using a variety of evaluation metrics. These metrics pro-
vide insight into the model’s learning and predictive accuracy. Below
are descriptions and mathematical expressions for key metrics:

Mean Absolute Error (MAE): MAE measures the average magnitude
of errors between paired observations, reflecting the same phenomenon.
It is calculated by taking the mean of the absolute differences between
predicted values and actual values:

n

1
MEA:HZ

i=1

Yi — .yPred.i (15)

Root Mean Squared Error (RMSE): RMSE is a quadratic scoring rule
that represents the average magnitude of the error. It is the square root
of the mean of the squared differences between predicted and actual
values:

1< 2
RMSE = [~ (¥i = Yy 16)
n i=1
R-squared (RZ): Also known as the coefficient of determination, R?
indicates how well the data fit the regression model. It represents the
proportion of the variance in the dependent variable that is predictable
from the independent variables:

n 2
) S (% = Yoras)
RR=1-—"_S "/ 17
Yiai—Y)

Where, y; represents the actual value, yp.q,; denotes the predicted value,
y is the mean of the actual values, and n is the total number of
observations.
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3. Analysis of the results and discussion
3.1. Results of MD simulation

3.1.1. Impact of temperature

This segment involves subjecting the workpiece to uniaxial tension
and compression under thermal conditions of 200, 300, 400, 500, and
600 K with strain rates of 10° s! and 4 layers of Cu/Zr.

Fig. 2 depicts stress-strain curves acquired from the experimental
data, presenting absolute stress and strain measurements for compara-
tive analysis. The stress levels exhibit a linear progression until reaching
their peak magnitudes across all curves, followed by a sudden decline,
indicative of transitions between elasticity and plasticity. This phe-
nomenon is attributed to the expansion of dislocations and significant
sliding within flawless crystalline structures. Within molecular dy-
namics (MD) simulations, the stress point corresponding to this decline
is commonly called yield stress, as established by previous studies [76].
The MNFs have more valuable yield stress under tensile loading than
compressive loading. Elevated temperatures induce atomic expansion,
with varying materials exhibiting distinct coefficients of thermal
expansion, thereby generating thermal prestressing forces within the
film. This phenomenon is elucidated by findings indicating a direct
correlation between temperature elevation and heightened atomic ac-
tivity, resulting in material softening and a subsequent decrease in yield
strength. Specifically, under tensile loading conditions, the yield
strengths are 4.727, 4.011, 3.501, and 3.500 GPa at temperatures 300,
400, 500, and 600 K, respectively. Conversely, during compression, the
corresponding yield strengths are measured at 2.828, 2.443, 2.294, and
2.138 GPa for the exact temperature increments.

Under equivalent circumstances, there is a notable discrepancy in the
compressive curves compared to the tensile curves. Besides, the fluctu-
ation of stress-strain curves in the tensile process under the influence of
temperature is more stable than in the facilitation of the compression
process due to elevated resistance against dislocation slip, particularly
notable at lower temperatures. In theory, the lattice abrasion z¢can be
estimated [77,78]:
2G |:*271'W:|

e

YT

18)

This scenario illustrates the phenomenon of lattice friction shear, the
characteristics of dislocation core breadth, and the Burgers vector b. It
also involves the representation of Poisson’s ratio v, and shear modulus
G, alongside the normalization of the width of the dislocation center by
the Burgers’ vector w/b [79,80]:

o)

Where T, represents the melting point, its value is (w/b) at absolute
zero temperature. As temperature decreases, the width of the dislocation
core diminishes, thereby augmenting lattice friction. The initiation of
dislocation slip at 200 K exhibits more incredible intricacy than that at
300 K, 400 K, 500 K, and 600 K, resulting in more uniform deformation
at the former temperature. Moreover, as depicted in Fig. 3, the common
neighbor analysis (CAN) technique is employed to scrutinize the pro-
gression of dislocations during tensile and compressive procedures
across various temperature settings and strain rate parameters. The
depiction of lattice structures within the material is delineated in the red
and green segments, representing the hexagonal close-packed (HCP) and
face-centered cubic (FCC) arrangements, respectively, whereas areas in
white denote lattice irregularities. Within molecular dynamics (MD)
simulations, a twin boundary (TB) signifies a layer of HCP slab encom-
passing at minimum two HCP layers, an intrinsic stacking fault (ISF)
pertains to two contiguous HCP layers, and an extrinsic stacking fault
(ESF) refers to two HCP layers adjacent to a solitary internal FCC layer
[81].
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(a) Tension Process
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(b) Compression Process
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Fig. 2. Stress-strain curves with different temperatures under uniaxial tension and compression.

(a) Tension Process
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Fig. 3. The common neighbor analysis (CAN) under tension and compression process with stain rate of 10° s~ and various temperatures.

The tension-compression asymmetry is akin to the pressure-induced
dislocation mobility, as evidenced in molecular dynamics simulations of
nanocrystalline copper and copper nanocubes [82,83], and is note-
worthy. It is observed that under decreasing stress conditions, the stable
compressive stresses are comparatively lower than tensile stresses at
equivalent temperature and strain rates. Moreover, the deformation
behavior of MNFs is notably influenced by variations in temperature and
strain rates [84]. The experimental observations of Cu/Zr MNFs [84] are
equivalent to this phenomenon. When dealing with materials exhibiting
tensile strength, a notable augmentation in yield stress poses a more
conspicuous and challenging issue. Moreover, it is noteworthy that
temperature influences the monotonic deformation of Cu/Zr MNFs;
nonetheless, this impact is relatively minor compared to the strain rate
effect. Under conditions characterized by compressive circumstances at
a temperature of 300 K, alongside a strain rate of 10'° s~1. The more

significant the change in tensile speed, the more pronounced the effect
on yield stress.

The dynamic response of the workpieces to various temperatures
under the tension and compression process with strain rates of 10° s~!
values is shown in Fig. 3. The first observation indicates that the phase
transformation and structural destruction are aggravated for both
specimens with increasing temperature values. The phase trans-
formation in all samples with different temperatures is similar. The FCC
phase transforms to the HCP phase with stacking faults in the Cu layers,
and the structural change from HCP to the amorphous structure is
dominant in the Zr layer. Besides, it is the appearance of a small part of
the BCC phase. The mechanical response of Cu/Zr MNFs has apparent
differences in various temperatures in all cases. At low temperatures of
200 K and 300 K, many stacking faults occur in the Cu layers, and the
amorphous structure has appeared in the Zr layers. Meanwhile, these
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stacking faults are strongly decreased, and the amorphous structure
increases sharply at higher temperatures, such as 500 K and 600 K.

The dislocation evolution of Cu/Zr MNFs samples with various
temperatures during the tension and compression process under various
strain rates is shown in Fig. 4. The dislocation growth originates at the
interface between the Cu and Zr layers. Shockley partial dislocation
dominates the deformation evolution in the Cu and Zr layers, while
Frank partial dislocation occurs in both Cu and Zr layers. In addition, the
substantial increase in the dislocation network is proportional to the
temperature increase.

Fig. 5 depicts the variation in workpiece dislocation density under
tension and compression at different temperatures. Notably, the dislo-
cation density is markedly higher in workpieces subjected to lower
temperatures than those at higher temperatures. Overall, there is a
consistent decrease in dislocation density with rising temperature across
all scenarios. Substantial dislocation density augments are observed at
lower temperatures, notably 200 K and 300 K, under tension and
compression. Specifically, the tensile process exhibits a pronounced
increase in dislocation density at 200 K. Conversely, at higher temper-
atures, such as 500 K and 600 K, a marginal escalation in dislocation
density is noted for both tension and compression processes.

Fig. 6 Observations reveal the reduction, flexion, and branching of
shear bands (SBs) within the amorphous layers surrounding local
operating workpieces. For instance, SBs denoted as "Sb B" and "Sb D" halt
their transmission through the decomposition of their shear fronts into
multiple dislocations, thereby inducing intersecting dislocation slips
within the nanograins. Additionally, SBs labeled "Sb A" and "Sb C"
deviate from their original shear planes by branching near the Cu layers.
At the same time, those marked as "Sb A" tend to divert deformation
along the grain boundaries (GBs) upon encountering them. Notably,
most nascent SBs are arrested by the Cu layers, with only a minority
penetrating the Cu nanograins directly. The interactions between

(a) Tension Process
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propagating SBs and Cu layers act to suppress the formation of mature
SBs and delay the onset of shear instability. Consequently, increased
activation of secondary SBs and dislocations near the constrained
amorphous interfaces (CAls) are observed to accommodate the local
plastic deformation induced by obstructed SBs. Intensive deformation
fosters the synergistic engagement of shear bands (SBs) and dislocations
within the interface of amorphous and copper layers, as evidenced by
the interweaving patterns of shear and slip bands occurring at a strain
level of e = + 0.1. Cooperative deformation facilitates the redistribution
of plasticity between the two phases, leading to a more homogeneous
deformation process and enhanced energy dissipation. Furthermore, this
unique cooperative deformation mechanism is a reinforcement mecha-
nism inherent in nanolaminates that alleviates the strain-induced soft-
ening stemming from shear localization within the glassy layers [85].
This phenomenon ultimately leads to an elevation in flow stress, as
depicted in Fig. 2.

The von Mises stress distribution among atoms within the Cu/Zr
sample across varying temperatures is depicted in Fig. 7, wherein atom
colors correspond to their respective von Mises stress values. Analysis
reveals a predominant high von Mises stress concentration within the
grain boundary (GB) region, characterized by elevated shear stress
across all samples. This phenomenon can be attributed to the compar-
atively lower atom density typically observed in GBs, consequently
rendering them more susceptible to experiencing heightened stress
levels. Furthermore, it is noted that the magnitude of shear stress varies
among samples subjected to different temperatures, with stress con-
centration expanding with increasing temperature owing to the amor-
phous nature of the structure. Moreover, the findings indicate a
proportional increase in the proportion of atoms experiencing elevated
von Mises stress levels with rising temperature. Consequently, it is
inferred that elevated temperatures exacerbate grain instability, result-
ing in escalated von Mises stress within the Cu/Zr MNFs sample.

(b) Compression Process
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Fig. 4. Snapshots showing the dislocation extraction algorithm (DXA) for the emergence of disorder of Cu/Zr MNFs with various temperatures and strain rates of
10957
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(b) Compression Process
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Fig. 5. Evolutions of dislocation densities during the tensile and compressive processes with different temperatures and strain rates of 10° s~
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Fig. 6. Shear strain distribution under the tension and compression process at different temperatures, at a strain value of ¢ = + 0.1 and a strain rate of 10° s~ and

four layers.

3.1.2. Impact of strain rate

Five distinct strain rate values are examined to assess the impact of
strain rate on the mechanical properties of the Cu/Zr MNFs: 108, 5 x
108, 10% 5 x 10° and 10'° s71. Specifically, a workpiece comprising
four layers and operating at a temperature of 300 K is chosen to scru-
tinize strain rate effects.

Fig. 8 illustrates the stress-strain behavior of Cu/Zr (MNFs) subjected
to varying strain rates under both tensile and compressive loading
conditions at a temperature of 300 K. Under tension, the yield strength
exhibits an incremental rise from 3.895 to 5.966 GPa as the strain rate
escalates from 108 to 10'° s, This augmentation in strain rate reduces
the time frame for atomic structural rearrangement during tensile

deformation, impeding stress relaxation within the material and
yielding elevated stress levels. Notably, this outcome resonates with
prior findings reported by Hussain et al. [86] and Potirniche et al. [87]
regarding Cu/Zr MNFs and monocrystalline Cu films, respectively.
Conversely, under compression, the yield strength progressively in-
creases from 1.700 to 3.851 GPa with the elevation of strain rate from
108 to 10'° s71. Notably, within the strain rate range of 5 x 10° to 10'°
s71, the tension yield strength experiences a more pronounced escala-
tion than the compression counterpart.

The structural evolutions of Cu/Zr specimens under tension loading
at different strain levels at room temperature (300 K) are depicted in
Fig. 9. The occurrence of phase transformation coincides with the
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Fig. 7. The von Mises stress distribution of Cu/Zr MNFs with four layers at 4 0.1 strain value strain rate of 10° s~! with various temperatures during the tension and

compression process.
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Fig. 8. Stress-strain curves under tension and compression at 300 K with four layers at strain € = & 0.1 with different strain rates.

appearance of stacking faults, as illustrated in Fig. 9(al-a8), wherein
stacking faults emerge at the interface of the Cu/Zr multilayer and the
Cu layer’s intersection during dislocation migration. Our investigation
reveals that dislocation motion and phase transformation commence
before the onset of yield stress, manifesting at strain levels of 0.025,
0.03, 0.032, 0.05, 0.075, and 0.1, under strain rates of 10%, 5 x 10%, 10°,
5 x 10°, and 10 s71, respectively. Notably, the presentation of dislo-
cations and phase transformations is delayed with increasing strain
rates. The FCC to HCP transition occurs within the Cu layers upon
reaching peak stress, concurrent with the transformation of HCP in the

Zr layers to amorphous and BCC structures. After peak stress, a sub-
stantial generation of oblique stacking faults arises within the Cu layer
due to lattice mismatches at the Cu/Zr MNFs interface. This is followed
by the continued propagation of stacking faults and dislocations within
the Cu layer [88,89], as shown in Fig. 9(al-a8). Generally, augmenting
strain levels enhances the rate of FCC transformation, indicating a robust
conversion of Cu layers from FCC to HCP and amorphous structures with
increasing strain rates. Conversely, in the Zr layers, elevating strain rates
result in a diminished rate of HCP-to-FCC phase transformation, as
evidenced in Fig. 9(al-a8). Furthermore, the phase distribution becomes
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Fig. 9. The common neighbor analysis (CAN) between the tension and compression process at 300 K temperature and various strain rate values.

more homogeneous with increasing strain rates, with less segregation
observed in the HCP structure of the Zr layers. This phenomenon is
attributed to atoms’ shortened rearrangement and relaxation times at
higher strain rates, leading to phase transformations within narrower
regions.

The structural alterations of Cu/Zr MNFs under compression testing
at 300 K are illustrated in Fig. 9(b1-b8), depicting phase transformations
coinciding with the onset of dislocation appearance and yield stress, as
demonstrated in Fig. 9(b1-b8). During this phase, the phase transition
closely mirrors prior observations. Notably, the transition occurring as
tension stress surpasses the yield point corresponds to the lowest stress
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value, as evidenced in Fig. 9(b1-b8). At a high strain magnitude (¢ =
—0.1), the phase transition of the horizontal sample is delineated in
Fig. 9(b1-b8). In contrast to vertical specimens, the compression-
induced phase transformation rate exhibits insensitivity to strain rate
variations. Additionally, unlike in tension, the HCP structure of Zr layers
in compression does not transition to the FCC structure.

Fig. 10 illustrates the distribution of dislocations during tension and
compression tests conducted at various strain rates and at a temperature
of 300 K. Stair-rod, Shockley partial, and Perfect dislocations emerge
nearly at the onset of the tensile process due to lattice mismatches,
primarily nucleating at the Cu/Zr layer interface. Shockley dislocations
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Fig. 10. Snapshots showing the dislocation extraction algorithm (DXA) for the emergence of disorder of Cu/Zr MNFs with various strain rates and temperatures at

300 K.
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predominate among the total dislocation population, surpassing other
types across all scenarios. The cleavage of Perfect dislocations generates
Shockley partial dislocations, while Stair-rod dislocations arise from
interactions involving Shockley partials, as depicted in Fig. 10(al-al0)
[47-49]. Moreover, Frank dislocations can engender Shockley partial
and Stair-rod dislocations, as evidenced in Fig. 10(b1-b10) [48-50].
However, the presence of Frank dislocations is limited, thereby
rendering their influence on mechanical characteristics uncertain.

The deformation evolution of the Cu/Zr MNFs sample across four
layers, subject to varying strain values and strain rates, is depicted in
Fig. 11. Within Fig. 11(al-b8), the deformation distribution corre-
sponding to the HCP phase structure transformation of the inclusion is
delineated, revealing a near-complete disappearance of the interface
between the inclusion and the workpiece. Notably, the strain value at
the phase transformation of the inclusion escalates from 0.02 to 0.1 with
increasing strain rates from 108571 to 10!%s7!. Fig. 11(b1-b8) portrays a
heightened concentration of shear strain encircling the inclusion under
elevated strain rates, a phenomenon conducive to greater stress values,
as expounded in Fig. 8. Subsequent augmentation in strain values, evi-
denced in Fig. 11(a3-a4) and (b3-b4), results in the propagation of local
deformation within the workpiece via shear bands. Furthermore, at a
low strain rate of 10% s71, local strain tends to diffuse throughout the
entire workpiece. In contrast, at high strain rates such as 5 x 10° and
10'% 571, local deformation is concentrated in the middle region of the
specimen, thereby inducing more pronounced workpiece contraction.

Fig. 12 illustrates the von Mises stress distribution across the atoms
within the CuZr sample at various strain rates, with atom colors
denoting their respective stress levels. The examination reveals a
notable aggregation of von Mises stress within the grain boundary (GB)
region, characterized by elevated shear stress across all samples. This
phenomenon is attributed to the comparatively lower atom densities
inherent to GBs, rendering them more susceptible to heightened stress
levels. Furthermore, the amorphous structure contributes to varying
magnitudes of shear stress among samples subjected to differing strain
rates, with stress concentrations escalating as strain rates increase.
Moreover, the findings indicate a direct correlation between increasing
strain rate and a heightened fraction of atoms exhibiting elevated von
Mises stress levels. Consequently, it is inferred that higher strain rates
exacerbate grain instability, leading to an escalation in von Mises stress
within the Cu/Zr MNFs sample.
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3.1.3. Impact of layer number

The thickness of layers (y) emerges as a pivotal factor shaping the
mechanical attributes of ML materials. This study delves into the impact
of layer count on the mechanical characteristics of Cu/Zr MNFs, exam-
ining samples comprising 4, 6, 8, 10, 12, and 16 layers at a simulation
temperature of 300 K. The uniaxial tension and compression test is
conducted at a strain rate of 10° s~%. The investigation scrutinizes the
impacts of layer number on stress-strain relationships, dislocation
behavior, and yield strength in tension and compression layer
configurations.

Fig. 13 depicts stress-strain diagrams for Cu/Zr MNFs with varying
layer thicknesses and orientations. Both tension and compression dia-
grams exhibit similar curve patterns, delineated into three regions based
on microstructural evolution. In area (I), stress increases linearly during
elastic deformation. In Region II, the stress peaks at a strain of approx-
imately 0.04, initiating dislocation nucleation and intense activity
within the Cu layers, leading to a rapid stress drop. As shown in Fig. 15,
this reflects dislocation-driven energy release. In Region III, the stress
stabilizes, and the gap between the yield strength and steady-state flow
stress indicates the extent of strain softening. The flow stress stabilizes
around 1.5-1.75 GPa in tension and 1.75-2.00 GPa in compression,
suggesting that layer thickness has a limited effect on tensile strength,
consistent with prior studies.

Fig. 14 illustrates the phenomena of dislocation nucleation and phase
transformation occurring under tension and compression loading con-
ditions at 300 K, employing various layer thicknesses and a strain rate of
10° s7L. Tensile and compressive forces transition the face-centered
cubic (FCC) structure of Cu layers to the hexagonal close-packed
(HCP) structure. In contrast, the body-centered cubic (BCC) structure
within the zirconium (Zr) layers transforms an amorphous structure.
Additionally, the emergence of the HCP structure is attributed to the
mechanisms involving stair-rod cross slip, whereby high-stress levels on
the intersection of sliding planes lead to the generation of Shockley
partial dislocations. Moreover, establishing an HCP region will ensue
upon the recurrence of these manipulations across parallel planes
interspersed by layers of Cu and Zr. This observation aligns with earlier
investigations conducted by Tran [90], Waitz et al. [91], and Yang et al.
[92]. This outcome signifies enhanced structural stability in the sample
under tensioning conditions [93,94]. Notably, this stability manifests
when the yield stress during tension surpasses that of compression, as
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Fig. 11. Shear strain distribution under the tension and compression process at 300 K and four layers with different strain rates.
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Fig. 12. The von Mises stress distribution of Cu/Zr MNFs at four layers at 300 K with various strain rates under tension and compression.
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Fig. 13. The stress-strain diagrams of the Cu/Zr MNFs with different layer numbers at 300 K.

depicted in Fig. 13(a-b). Concurrently, the initiation of stacking faults
occurs concomitantly with phase transformations within the specimens.
As dislocations propagate, twin boundaries and extrinsic stacking faults
emerge in the forward progression.

Fig. 15 shows the dislocation distribution during tensile and
compressive loading at ¢ = 40.1, strain rate of 10° s™!, and temperature
of 300 K across various layer thicknesses. At early stages, Stair-rod,
Partial Shockley, and Perfect dislocations emerge due to lattice
mismatch, predominantly at Cu/Zr interfaces. Shockley dislocations
dominate in all configurations. Cleavage of Perfect dislocations pro-
duces Partial Shockley types, observed in 4-layer and 8-layer structures,
while interactions among Shockley dislocations generate Stair-rod
types. Frank dislocations, though sparse, may also contribute to these
mechanisms. As illustrated in Fig. 16, dislocation density increases with
decreasing layer thickness due to enhanced interface area, which pro-
motes atoms.
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Fig. 16. illustrates the evolution of dislocation density in Cu/Zr
samples of varying layer thicknesses under both tension and compres-
sion, subjected to a strain rate of 10° s~! at 300 K. Dislocation density,
defined as the total length of dislocations per unit volume, fluctuates
marginally before reaching peak values in the stress-strain diagrams, as
evidenced in Fig. 13 and Fig. 14. Subsequently, a slight upward trend in
dislocation density is observed during tension and compression pro-
cesses. Furthermore, reducing the layer thickness generally corresponds
to higher dislocation densities in tension and compression. This corre-
lation is attributed to the increased layer area associated with smaller
layer thicknesses, facilitating dislocation formation. Conversely,
increasing layer thickness restricts dislocation propagation due to
interface constraints. Notably, disparities in dislocation density are
observed between tension and compression processes. Specifically,
tension induces higher dislocation densities compared to compression.
This discrepancy arises from the minimal occurrence of phase
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Fig. 14. The CNA monitors the structural evolution in the Cu/Zr MNFs at 300 K and strain rate of 10° s~ with different layers.

transitions in the Zr layers during tensile loading, as depicted in Fig. 14,
leading to the absence of dislocations in these layers, as illustrated in
Fig. 15.

The Cu/Zr MNFs sample’s deformation evolution across different
layers, subjected to strain rates of 10° s~ %, is illustrated in Fig. 17. Within
the subfigures denoted as (al-b8), the deformation distribution corre-
sponding to the HCP phase structure transformation of the inclusion is
depicted, indicating a substantial reduction in the interface between the
inclusion and the workpiece. Remarkably, the strain value at the phase
transformation of the inclusion increases from 0.05 to 0.1 with a rise in
layers from 6 to 16. Fig. 17 demonstrates an intensified concentration of
shear strain surrounding the inclusion under higher layers, leading to
heightened stress values, as elucidated in Fig. 13. Subsequent in-
crements in strain values, as observed in Fig. 17, result in the propa-
gation of local deformation within the workpiece through shear bands.
Moreover, local strain disperses distinctly at lower layers such as 6 and 8
throughout the workpiece. Conversely, at higher layers, such as 12 and
16 layers, local strain diffusion throughout the entire workpiece is less
evident, thereby inducing a less pronounced workpiece contraction.

Fig. 18 Presents the von Mises stress distribution across atoms within
the Cu/Zr MNFs at various layers, employing atom colors to signify
stress levels. The analysis unveils a pronounced accumulation of von

12
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(b) Compression Process € = - 0.1

Mises stress within the grain boundary (GB) region, characterized by
heightened shear stress across all specimens. This occurrence is ascribed
to the relatively lower atom densities inherent in GBs, rendering them
more susceptible to elevated stress levels. Additionally, the amorphous
structure contributes to divergent magnitudes of shear stress among
samples with different layers, with stress concentrations diminishing as
layers increase. Furthermore, the results indicate a direct association
between increasing layers and a decreased proportion of atoms mani-
festing lower von Mises stress levels. Consequently, it is deduced that
higher layers mitigate grain instability, reducing von Mises stress within
the Cu/Zr MNFs sample.

3.2. Results with the assistance of Al prediction

3.2.1. Data

To gather the data necessary for training and predicting stress values,
we performed Molecular Dynamics (MD) simulations on a system with
the following specifications: i) Processor: Intel(R) Core(TM) i7-10,700
CPU @ 2.90 GHz (16 CPUs) and ii) Memory: 16GB RAM.

Tables 1 and 2 present descriptive statistical summaries for stress
values under tension and compression processes, respectively. Both
datasets contain 11,158 observations with nearly identical mean values
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Fig. 15. The dislocation distribution under the tension and compression at a strain rate of 10° s™! and 300 K with various layer numbers.
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Fig. 16. Evolutions of dislocation densities under the tension and compression processes at 300 K and strain rates of 10° s~ with different layer numbers.

for layer, temperature, strain rate, and strain across the two processes.
The mean tension stress is higher, at 2.03 GPa, compared to the mean
compression stress of 1.29 GPa. While the standard deviation is also
more significant for tension stress (1.19 GPa), the compression stress
shows a more constrained variation with a standard deviation of 0.56
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GPa. The maximum tension stress reaches 5.97 GPa, while the maximum
compression stress is capped at 3.85 GPa.

Tables 3 and 4 provide a descriptive statistical analysis of dislocation
values under tension and compression processes. Both datasets contain
5588 observations, with similar mean values for layer, temperature,
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Fig. 18. The von Mises stress distribution of Cu/Zr MNFs under tension and compression at 300 K and strain rate of 10° s~! with various layer numbers.

Table 1
Descriptive Statistical Exploratory Data Analysis for Stress Values Under Tension Process.
Layer Temperature (K) Strain rate (s Strain Tension Stress (GPa)

Count 11,158 11,158 11,158 11,158 11,158
Mean 5.436279 322.04554 6.291092x108 5.002689x1072 2.032002
Std 3.128656 78.88617 8.735179x108 2.888962x1072 1.88172
Min 4.0 200.0 1.000000x107 0.0 —0.131507
25 % 4.0 300.0 1.000000x108 2.500000x1072 0.984422
50 % 4.0 300.0 5.000000x108 5.000000x10~2 1.888691
75 % 4.0 600.0 1.000000x10° 7.500000x10~2 3.017215
Max 16.0 600.0 1.000000x10"° 0.1 5.966197

14



H.-G. Nguyen et al.

Table 2
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Descriptive Statistical Exploratory Data Analysis for Stress Values Under Compression Process.

Layer Temperature (K) Strain rate (s~!) Strain Tension Stress (GPa)
Count 11,158 11,158 11,158 11,158 11,158
Mean 5.433949 322.4592 6.291092x10°8 5.002689x1072 1.294517
Std 3.126459 78.9340 8.735179x10° 2.888962x1072 0.561162
Min 4.0 200.0 1.000000x107 0.0 0
25 % 4.0 300.0 1.000000x10% 2.500000%1072 0.921947
50 % 4.0 300.0 5.000000%10° 5.000000x1072 1.147656
75 % 4.0 600.0 1.000000x10° 7.500000%10 2 1.788138
Max 16.0 600.0 1.000000x10"° 0.1 3.851015
Table 3
Descriptive Statistical Exploratory Data Analysis for Dislocation Values Under Tension Process.
Layer Temperature (K) Strain rate (s~!) Strain Tension Stress (GPa)
Count 5588 5588 5588 5588 5588
Mean 5.437366 322.4767 6.307445%10° 5.000895x10 2 0.023081
Std 3.129537 78.94159 8.784289x10° 2.893771x1072 0.026863
Min 4.0 200.0 1.000000x107 0.0 0.0
25 % 4.0 300.0 1.000000x10° 2.491000x102 0.00517
50 % 4.0 300.0 5.000000%108 5.000000%102 0.010595
75 % 4.0 600.0 1.000000x10° 7.513000%10 2 0.035085
Max 16.0 600.0 1.000000x10'° 0.1 0.15849
Table 4
Descriptive Statistical Exploratory Data Analysis for Dislocation Values Under Compression Process.
Layer Temperature (K) Strain rate (s~ 1) Strain Tension Stress (GPa)
Count 5588 5588 5588 5588 5588
Mean 5.437366 322.4767 6.307445%10% 5.000895x102 0.013986
std 3.129537 78.94159 8.784289x10°8 2.893771x1072 0.011615
Min 4.0 200.0 1.000000x107 0.0 0.0
25 % 4.0 300.0 1.000000x10° 2.491000x10 2 0.005778
50 % 4.0 300.0 5.000000x108 5.000000x10~2 0.01105
75 % 4.0 600.0 1.000000x10° 7.513000x10 2 0.01886
Max 16.0 600.0 1.000000x10'° 0.1 0.13085
strain rate, and strain across the two processes. The mean dislocation
value under tension is higher, at 0.0231, compared to the mean dislo- ;ablle f for Stress Prediction Under Tensi
. . . N . valuation ror stress rrediction under lension.
cation value under compression, which is 0.0140. The standard devia-
tion for tension dislocation is also larger (0.0269), indicating greater Evaluation ~ FFNN ~ CNN  ISTM  BilSTM  GRU RNN  GPR
variability compared to the compression dislocation’s standard devia- MAE 0119 0.131 0108  0.052 0.099  0.068  1.355
tion of 0.0116. Maximum dislocation values are 0.15849 under tension RMSE 0.178  0.189  0.151  0.068 0.145  0.104  1.669
R? 0.977 0.973 0.984 0.997 0.984 0.992 0.999

and 0.13085 under compression.

3.2.2. Experimental setups

Our experimental setup for the discriminative models was executed
on powerful GPUs provided by OpenSource Google Colab’s cloud ser-
vice. We implemented the discriminative models using the scikit-learn
library and the Keras framework within a Python environment. For
the generative model, GPR model, we utilized the gpflow library from
TensorFlow [95], ensuring robust implementation of the generative
approach. The data for each experiment was split into two sets: 70 % for
training and 30 % for evaluation, allowing us to assess the performance
of the models.

Building on insights from previous research on optimizing neural
network structures, we have implemented strategies to enhance model
performance and ensure stability. This includes integrating dropout
techniques, with a probability of 0.25, to prevent overfitting by
randomly omitting units during training. Additionally, we selected the
GlorotNormal initializer due to its effectiveness in maintaining the
output variance of a unit proportional to its input variance, thereby
optimizing weight initialization. Batch normalization was also
employed to accelerate training and improve performance by stan-
dardizing inputs at each layer. These hyperparameters were carefully
selected and fine-tuned to achieve optimal model performance.

15

3.2.3. Experimental results

Table 5 compares the performance of several machine learning
models, both discriminative and generative, using three evaluation
metrics. Discriminative learning models include FFNN, CNN, LSTM,
BiLSTM, GRU, and RNN, while GPR represents the generative learning
approach. Among the discriminative models, BILSTM achieves the best
results with the lowest MAE (0.052) and RMSE (0.068), and the highest
R? (0.997), indicating it provides the most accurate predictions. Other
discriminative models, such as GRU and RNN, perform well with high R?
values (0.984 and 0.992, respectively) but outperform BiLSTM
regarding error metrics. GPR, the generative model, demonstrates the
highest R? (0.999), suggesting it effectively captures the overall variance
in the data, though it has higher prediction errors (MAE of 1.355 and

Table 6

Evaluation for Stress Prediction Under Compression.
Evaluation FFNN CNN LSTM BiLSTM GRU RNN GPR
MAE 0.131 0.137 0.095 0.058 0.141 0.072 0.628
RMSE 0.178 0.192 0.129 0.079 0.211 0.097 0.791
R? 0.880 0.863 0.944 0.980 0.849 0.969 0.977
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RMSE of 1.669) compared to the discriminative models. Overall,
BiLSTM stands out as the most accurate model for prediction, while GPR
excels in explaining data variability.

Table 6 presents the performance evaluation of various models for
stress prediction under compression using three key metrics. Among the
discriminative models, BiLSTM demonstrates the best overall perfor-
mance, with the lowest MAE (0.058) and RMSE (0.079) and the highest
R? (0.980), indicating high accuracy and low prediction errors.

Other models, such as LSTM and RNN, also show strong results, with
RNN achieving an R? of 0.969 and LSTM achieving an R? of 0.944, but
their error metrics are slightly higher than BiLSTM. The GPR model,
while showing a substantial R? value of 0.977, has significantly higher
MAE (0.628) and RMSE (0.791), suggesting that while it explains a good
portion of the variance in the data, its predictions are less precise
compared to the discriminative models. Overall, BiLSTM outperforms
the other models in terms of accuracy and variance explanation for stress
prediction under compression.

Table 7 compares the performance of the BiLSTM and GPR models
using three evaluation metrics. The BiLSTM model exhibits a lower MAE
(0.0038) and RMSE (0.005), indicating more precise predictions with
minor errors. However, the GPR model achieves a higher R? value
(0.983), which suggests that it explains more variance in the data
compared to BIiLSTM despite having higher error values (MAE of 0.0255
and RMSE of 0.0377). This indicates that while BiLSTM provides more
accurate predictions on an individual level, the GPR model is better at
capturing the overall trends and variance within the dataset.

Table 8 compares the performance of the BiLSTM and Gaussian
Process Regression (GPR) models based on three key metrics. The
BiLSTM model has lower MAE (0.0038) and RMSE (0.004), indicating
more precise predictions with smaller errors. However, GPR performs
better in terms of R? (0.9), meaning it explains a higher proportion of the
variance in the data compared to BiLSTM, which has an R? of 0.799. This
suggests that while BILSTM may be better at making accurate point
predictions, GPR captures the overall trends and variability in the
dataset more effectively. In summary, BiLSTM is preferable for precise
predictions, while GPR excels in modeling the general structure of the
data.

The evaluation results from the four tables demonstrate several key
insights regarding the performance of discriminative learning (BiLSTM)
and generative learning (GPR) models for stress and dislocation density
prediction. When trained on larger datasets, such as in the stress pre-
diction (Table 5 and Table 6), both BILSTM and GPR perform well based
on the evaluation metrics (MAE, RMSE, and R?). However, the
discriminative learning model, BiLSTM, slightly outperforms GPR in
terms of accuracy, achieving lower MAE and RMSE values, particularly
under the tension process. BiLSTM’s precise predictions and high R?
value indicate it can provide more accurate point estimates.

In contrast, when trained on smaller datasets, such as in the dislo-
cation prediction (Tables 7 and 8), there is a noticeable decrease in
BiLSTM’s performance. The MAE and RMSE values increase, and the R?
value drops, suggesting that BiLSTM struggles more with smaller data-
sets. Meanwhile, the GPR model maintains strong performance across
large and small datasets, with consistently high R* values, even though
its error metrics (MAE and RMSE) are generally more extensive than
those of BiLSTM.

Overall, the results across the four tables suggest that while BiLSTM
is highly effective for point prediction and accuracy on larger datasets,
the GPR model is more reliable when explaining the overall variance in

Table 7

Evaluation for Dislocation Density Prediction Under Tension.
Evaluation BiLSTM GPR
MAE 0.0038 0.0255
RMSE 0.005 0.0377
R? 0.962 0.983
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Table 8

Evaluation for Dislocation Density Prediction Under Compression.
Evaluation BiLSTM GPR
MAE 0.0038 0.011
RMSE 0.004 0.015
R? 0.799 0.9

the data, as reflected by its higher R? values in all cases. GPR excels at
capturing the underlying data structure and variability, making it a
robust choice, especially for smaller datasets where discriminative
models like BiLSTM may experience a more significant drop in
performance.

The experiment results from Fig. 19 and Fig. 20 for the GPR model
are illustrated through scatter plots comparing the predicted and actual
values for both stress and dislocation density under tension and
compression processes. For stress prediction, the plots show a strong
correlation between the predicted and actual values, with data points
aligning closely along the diagonal, especially for lower stress values.
While the GPR model performs accurately overall, slight deviations and
outliers appear as the stress values increase, particularly in the
compression process. Similarly, for dislocation density predictions, the
model captures the general trend well, with most points closely
following the diagonal line. However, the compression dislocation plot
reveals more deviations at higher dislocation values. Despite these
minor discrepancies, the GPR model excels in explaining the overall
variance in both stress and dislocation predictions, demonstrating its
effectiveness in capturing data trends and variability across both tension
and compression processes.

Evaluating discriminative (BiLSTM) and generative (GPR) models
across stress and dislocation density prediction tasks demonstrates
distinct strengths and weaknesses depending on dataset size and pre-
diction accuracy requirements. When trained on larger datasets, such as
stress prediction tasks, the BiLSTM model consistently achieves lower
error metrics (MAE, RMSE) and high R? values, indicating its superior
ability to provide precise point predictions. However, when applied to
smaller datasets, such as dislocation density prediction, BiLSTM shows a
noticeable performance drop, with increased errors and reduced R?
values. This suggests that BiLSTM’s performance is more sensitive to
data size and may struggle when fewer training samples are available.
On the other hand, the GPR model shows a remarkable ability to
maintain strong performance across large and small datasets. Although
its MAE and RMSE values are generally higher than those of BiLSTM,
GPR consistently delivers high R? values, suggesting that it excels in
capturing the overall variance and underlying trends in the data. This
characteristic makes GPR more reliable for understanding data structure
and variability, especially in scenarios where accurate point predictions
are not the sole priority. The scatter plots from Fig. 19 and Fig. 20
further illustrate GPR’s strengths. For both stress and dislocation density
predictions under tension and compression, the GPR model shows a
strong correlation between predicted and actual values, aligning closely
with the ideal diagonal line. While there are minor deviations and
outliers, particularly in the compression process, the GPR model dem-
onstrates its robustness in capturing the overall patterns in the dataset.

Research on Cu/Zr metallic nanofibers (MNFs) has generated
extensive data on their mechanical properties under tension-
compression testing, contributing to a comprehensive understanding
of these materials. This study distinguishes itself from prior research by
incorporating tension-compression deformation into its models. Data
analysis reveals that the tensile and compressive strengths predicted in
this study are in good agreement with the experimental findings re-
ported by Pal et al. [51] and Hussain et al. [86]. Furthermore, while the
thermal conditions and deformation rates employed in our MD simula-
tions are lower than those used by Tran et al. [90], they are comparable
to the experimental setups described by Wang et al. [19] and Nakamura
et al. [45]. Table 9 presents a summary of the mechanical properties
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(a) Tension Process

Predicted vs Actual Tension Stress
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(b) Compression Process

Predicted vs Actual Compression Stress
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Fig. 19. Stress prediction under tension and compression process from the GPR model.
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Fig. 20. Dislocation prediction under tension and compression process from the GPR model.
Table 9
The comparison of several parameters between investigations using MD simulation and experimental.
Material Strain rate (s~ 1) Temperature (K) Strain (%) Stress (GPa) Layer number Method Reference
CuZr 108 -10'° 200 - 600 +10 1.5-5.97 4-16 MD and ML This study
Cu/CuZr 1.25x 108 50 16.9 3.1-3.24 - MD Simulation Song et al. [10]
Cu/Zr 1.25x 108 150 - 600 4 6.3-21.05 1-20 MD Simulation Hsuetal. [11]
CuZr 2.3-2.8 x 107° - 6.8 0.941-1.22 - Experimental Wang et al. [19]
Ni/Co 108 - 10" 100 - 700 25 9.1-12.6 2-10 MD Simulation Vu et al. [33]
CuZr 100- 103 2000 8 3.1-0.38 - MD Simulation Wang et al. [38]
Cu-Zr 2 x 108 -10° 700 25 19-3 - Experimental Nakamura et al. [45]
Cu-Zr 108 100 25 35-75 - MD Simulation Pal et al. [51]
CuZr 108 - 10" 300 30 1.6-27 - MD Simulation Hussain et al. [86]
Cu/Ta 10%-10%° 100 - 900 15 9.5-21.15 2-10 MD Simulation Tran et al. [90]

obtained in previous experimental and simulation studies, demon-
strating a strong consistency with our results. This alignment supports
the validity of our computational approach and provides valuable in-
sights for future investigations into Cu-Zr-based metallic
nanocomposites.

4. Conclusions
In summary, we have investigated the influence of various temper-

atures, strain rates, and layers on the mechanical response of Cu/Zr
MNFs under tension-compression loading through MD simulations and
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AL As a result, the following conclusions may be drawn below:

(1) Under identical circumstances, it is observed that the tensile
process exhibits a higher yield strength compared to the
compressive process.

At equivalent temperature and strain rate conditions, compres-
sive stresses exhibit lower magnitudes of stability compared to
tensile stresses as stress levels decline.

Compressive stress demonstrates more minor stability under
equivalent temperature and strain rate conditions than tensile
stress with decreasing stress levels. Conversely, despite the in-
fluence of varying layers, both stresses exhibit minimal variation
in the similar.

Elevating the temperature reduces dislocation density, whereby
the density of dislocations generated during tensile deformation
surpasses that observed during compressive deformation.

The FCC arrangement characteristic of Cu layers undergoes a
pronounced transformation towards amorphous, BCC, and HCP
structures. Conversely, the HCP structure in Zr layers experiences
a minor transition towards the BCC and amorphous configura-
tions. An oblique SF manifests within the Cu layer at the inter-
facial zone of the Cu/Zr MNFs, propagating into the Cu layers
during tension and compression.

The BiLSTM model is highly effective for precise predictions,
particularly on larger datasets, making it a strong choice for ap-
plications requiring high accuracy in point estimates.

The GPR model stands out because it can generalize across
varying dataset sizes and explain data variability.

(2)

3

4

—

G))

O]

@

This study investigated the atomic-level mechanisms governing
tension-compression ductility in Cu/Zr MNFs and the evolution of mi-
crostructures under tension and compression deformations. However, it
is essential to note that in Cu/Zr MNFs featuring grain boundaries (GBs),
the impact of diverse conditions and mechanisms may vary, particularly
in specimens characterized by larger grain dimensions. Therefore, future
investigations are warranted to systematically analyze the cyclic plas-
ticity behavior exhibited by Cu/Zr MNFs. The GPR a more robust model
in applications where understanding data trends and capturing overall
variance are more critical, particularly for smaller datasets where
discriminative models may falter.
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