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Predicting the failure and plasticity of solids remains a longstanding challenge, with broad implications for
materials design and functional reliability. Disordered solids like metallic glasses can fail either abruptly or
gradually without clear precursors, and the mechanical response depends strongly on composition, thermal his-
tory, and deformation protocol—impeding generalizable modeling. While deep learning methods offer predictive
power, they often rely on numerous input parameters, hindering interpretability, methodology advancement, and
practical deployment. We address this longstanding challenge with a macroscopic, physically grounded approach
that uses plastic strain accumulation in the elastic regime to robustly predict deformation and yield. This method
reduces complexity and improves interpretability, offering a practical alternative for disordered materials. For
the Cu-Zr-(Al) metallic glasses prepared with varied annealing, we identify two limiting regimes of plastic
strain growth: power law in poorly annealed and exponential in well-annealed samples. A physics-informed
framework with Bayesian inference extracts growth parameters from stress-strain data within ~5% strain,
enabling early prediction of bulk response and yield point, well before the failure. The predictive performance
improves with annealing and bulk plasticity correlates with the microscopic plastic activity from scattered to
growth near yielding. This work presents a physically interpretable and experimentally relevant framework for
predicting plasticity, stress-strain curve, and failure in metallic glasses from early mechanical response, offering

both theoretical insights and practical tools for material characterization and design.
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I. INTRODUCTION

Mechanical response in solids progresses from an initial
elastic regime to plastic deformation, culminating in yielding
and structural failure [1]. Predicting plastic response—
identifying micro/macroscopic precursors and determining
failure to be gradual (ductile) or abrupt (brittle)—remains
a central challenge in materials science and engineering
[2—4]. In crystalline solids, prediction of mechanical re-
sponse is partially addressed by the framework of crystal
plasticity [5,6], though the complete nature of defect dy-
namics and interactions remains elusive [7-13]. Amorphous
materials—such as metallic glasses, molecular, and colloidal
systems—represent the extreme limit of structural disorder.
Unlike crystals, disordered solids lack apparent structural
precursors—compounded by sensitivity to sample prepara-
tion and loading protocols [14—18], which makes predicting
mechanical response and failure extremely challenging [19].
Overcoming these obstacles would enable accurate predic-
tions of yielding and plastic flow in disordered systems, with
significant implications for both fundamental understanding
and practical applications.

Macroscale plasticity arises from localized shear events
in shear transformation zones (STZs) [20-22], which are
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influenced by atomic-scale heterogeneity. Computational
simulations have qualitatively examined various structural
features—such as locally favored packings [23,24], compact-
ness [25], local yield stress and shear modulus [26,27], soft
vibrational modes [28—32]—all of which affect how plasticity
emerges under deformation [33]. In crystalline solids again,
this emergence is intimately coupled to how the topological
defects, dislocations, respond to stress including dislocation
multiplication mechanisms. In glasses, recent work has ad-
dressed this by constructing Burgers-vector-like quantities
[34-37] and vertex-like quantities to measure the underlying
topological order [38,39]. The hope is that as with dislo-
cations a working definition of a structural defect indicates
where STZs happen and would even allow one to predict the
“failure” or shear-band formation where appropriate.

Modern machine learning (ML) methods [40] offer a
promising pathway to uncover complex structural signatures
that are otherwise obscure. Recent studies have proposed
various ML techniques—including support vector machines
(SVMs) [41], graph neural networks (GNNs) [42], unsu-
pervised learning [43,44]—as well as elastoplastic models
[45,46] to efficiently reveal underlying structure-property re-
lationships. In the context of structure-mechanical response,
ML and deep learning approaches have been used to build
predictive frameworks—for example, convolutional neural
networks (CNNs) to predict local plastic rearrangements [47],
physics-informed networks to infer atomic structure [48], neu-
ral networks for prediction and nature of failure [49,50], and

©2026 American Physical Society


https://orcid.org/0000-0001-8497-3763
https://orcid.org/0000-0002-0380-8393
https://orcid.org/0000-0002-0323-8714
https://orcid.org/0000-0001-9249-5079
https://ror.org/020hwjq30
https://ror.org/00nzsxq20
https://ror.org/00wjc7c48
https://crossmark.crossref.org/dialog/?doi=10.1103/xf5s-kdyv&domain=pdf&date_stamp=2026-02-17
https://doi.org/10.1103/xf5s-kdyv

MAKINEN, PARMAR, BONFANTI, AND ALAVA

PHYSICAL REVIEW MATERIALS 10, 025601 (2026)

a)2.5 ] - ] ) 1
(2) — T=10"K/s —— T=10%K/s
— T=10"K/s T=102 K/s

200 pogxioBK/s T=101 K/s ]

— px 767/%

0.0

0.0

=
0.10 & 306
.

. Parameters of the
? plasticity model

0.00

005 010 015 020 %% 5 010
Y Y

0.00

0.20 0.9°

FIG. 1. (a) Stress-strain curves for glasses prepared with different cooling rates 7'. (b) The proportion of plastic strain ¥p as a function of
strain y for each cooling rate [colors as in panel (a)]. The dashed and solid black lines are fits (up to y = 0.10) to ¥, o y® and y, o ye’/?
for the extreme cooling rate cases, vertically shifted by 0.01 for clarity. The vertical dotted line corresponds to the average yield strain. The
inset shows the plastic strain in a log-log plot, along with a power-law behavior (black dashed line). (c) The particles are colored by the non-
affine displacement dr,,; under a stress-drop, shown cumulatively for two cooling rates (rows) and four different global strains below the
yield (columns). (d) The Bayesian prediction scheme: by reading the stress-strain curve up to a strain y; (blue part) we predict the yield point
(¥y» Ty). This is done based on the accumulated plastic strain y, (green), which is determined from the difference to the perfect elastic behavior
(black dashed line). We then infer the parameter distributions for the plasticity model, generate samples (each corresponding to a stress strain
curve shown in gray), and finally average them to get the prediction (red line) and uncertainty estimates (light red shaded area). From the

prediction we can get the yield point (red point).

GNN-based representations of microstructural deformation
[51,52]. As defect evolution and interaction depend strongly
on sample preparation and deformation protocols [14,15], no
universal structural signature currently exists for predicting
plasticity and catastrophic failure [33]. While deep learning
effectively identifies structural defects and affinity with plastic
events, its predictions—especially concerning macroscopic
yield—often lack interpretability and physical insight.

In this work, we introduce a robust Bayesian machine
learning framework to predict yielding in metallic glasses
using macroscopic plasticity features. By focusing on plastic
strain accumulation within the elastic regime—a physically
meaningful and experimentally accessible indicator—we
achieve accurate prediction of the entire curve as well as the
yield stress and strain (see Fig. 1), something that, to our
knowledge, has not been accomplished in either dislocation-
mediated crystals or glassy systems. This macroscopic signal
correlates with local rearrangements, such as STZs, under-
scoring its physical relevance. We demonstrate the broad
applicability of the framework across ductile materials and
preparation conditions, without requiring detailed microstruc-
tural, compositional, or thermal history inputs—making it

both practical and interpretable. A number of recent stud-
ies have shown that early structural or vibrational signatures
(such as machine-learned local structural indicators or low-
frequency quasilocalized vibrational modes [53-55]) can also
encode predictive information about subsequent dynamics and
mechanical response in glasses. In this respect, the present ap-
proach is conceptually related to recent elastic-precursor and
relaxation-based methods that exploit information encoded in
the elastic regime to anticipate plastic events, although our
focus is on macroscopic plastic strain accumulation under
monotonic loading rather than configurational or relaxation
metrics [56,57].

II. METHODS

A. System

In this study, we investigate the mechanical response of
metallic glasses in silico using the binary CugsoZrgso (as
described in Ref. [58]) and a wide range of ternary Cu-Zr-Al
amorphous compositions [59], shown in the Supplemental
Material (SM) [60]. Molecular dynamics (MD) simulations
are performed using LAMMPS [61], with atomic interactions
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described by an embedded atom method (EAM) interatomic
potential [62]. Simulations are primarily conducted on a sys-
tem of 6000 atoms contained in a cubic box with periodic
boundary conditions. To evaluate system size effects (see SM
[60] for a discussion on these), larger systems comprising up
to N = 24000 atoms are also simulated.

B. Sample preparation

Glass preparation is performed using a hybrid molecu-
lar dynamics—Monte Carlo (MD + MC) scheme within the
variance-constrained semigrand canonical (VC-SGC) ensem-
ble [63]. Rather than swapping atom types between a pair
of particles, the method randomly selects a single atom and
attempts to change its type. The acceptance of this trial move
follows the Metropolis criterion, ensuring detailed balance
while maintaining the target composition and efficient sam-
pling of configurational space. To minimize compositional
deviations, the parameters for chemical potential to perform
the hybrid MD 4 MC simulations under the VC-SGC ensem-
ble are provided by Ref. [64]. A similar hybrid scheme has
also previously been applied to Cu-Zr systems [65].

The quenching is performed starting from molten metals at
a high temperature well above the melting point using a fixed
cooling rate 7" at fixed pressure P = 0 bar [64]. Six different
cooling rates, ranging from 10!' to 10'> K/s, are employed
to generate glasses with varying degrees of annealing, form
well to poorly annealed states. In the MD 4+ MC scheme a
MC cycle consisting of N attempts is performed every 20
MD steps. The independent liquid samples are cooled from
2000 K to 300 K, with cooling rates ranging from 10'! to 10",
ensuring an extended range of supercooled states [58].

C. Mechanical deformation

We perform athermal quasistatic shear (AQS) simulations
under Lees-Edwards periodic boundary conditions. The sim-
ulation cell is incrementally sheared in the xy plane with
a strain step of 8y =5 x 1079, followed by energy mini-
mization using the conjugate gradient method. This protocol
mimics the experimentally relevant conditions of low temper-
ature and low shear rate, enabling a consistent stress-strain
response for mechanical characterization. To obtain more
experimental-representative stress-strain responses, we aver-
age the individual curves over 100 independent realizations of
the disordered structure (50 for the slowest cooling rate). This
statistical averaging approximates the response of a macro-
scopic sample composed of many representative volume
elements. For optimized computation and structural analysis
in the N = 24000 systems, we deformed the system using
strain increments of §y = 10~*. To improve statistical aver-
aging of avalanches, shear was applied independently along
the xy, yz, and zx planes, since the system is isotropic.

We emphasize that the use of AQS is intended to isolate the
structural-mechanical origins of plasticity. In contrast, defor-
mation of metallic glasses under laboratory conditions at or
slightly below the glass transition is generally activated and
involves cooperative relaxation processes, such as string-like
motions [66].

To quantify the mechanical response, we focus on the shear
modulus (G) and the yield stress (ty). The shear modulus
is determined from the stress-strain curves by averaging the
positive slopes for the first 0.5% of strain in each of the in-
dependent realizations of the atomic configurations. The yield
stress is determined from the average stress-strain curve over
all the realizations and defined as the maximum shear stress
attained during deformation.

D. Bayesian inference

The MCMC sampling from the posterior distribution
[Eq. (4)] is done using PYMC [67] software and the No-U-Turn
sampler (NUTS) [68]. We run four chains in parallel and for
each discard the first 1000 tuning samples, after which we
record 2000 samples. The full model is

T=G(y —Ay%e’/") + ¢, (H

where G is the constant shear modulus (see SM [60] for
discussion on the constancy of the modulus) and € is the
noise observed. The noise is implemented through the use of
a Gaussian likelihood on the logarithm of the stress

_ (Ing—In[G(x —Ayk"e% n? )

202
Do) = < ,
N

where the index k runs through all the data points in D.
The logarithm is there to give more focus to the early part
of the stress-strain curves, where the stress is low. We have
used a half-normal prior for o, with a standard deviation of
0.1 GPa. Based on the knowledge of the valid range for the
exponent o, we use an informative prior, namely the uniform
distribution between 1 and 2. For the parameters A and yy we
use weakly informative log-normal priors, with the probabil-
ity density function p(x) o exp[—(Inx — w)? / (2062)], and the
values [u = In(0.2), o = 4] for both A and yy.

Each sample of A, «, and y, can then be used to generate
the evolution of the plastic strain using Eq. (3) and the full
stress-strain curve using T = G(y — ¥,). The yield point is
then determined from the condition dy,/dy =1 for each of
these curves. This yields a distribution of stresses for each
strain value, as well as distributions for the yield stress 7, and
the yield strain yy.

exp (

@)

E. Microscopic estimates of plasticity

During an avalanche, the system can be viewed microscop-
ically as comprising a core region of plastically deformed
particles, while the surrounding material undergoes elastic
deformation in response to the stress induced by the applied
strain. A particle is classified as “plastic” if its displacement
exceeds 0.30 A. This displacement threshold is chosen to in-
clude particles actively involved in plastic deformation while
excluding those responding elastically. It is identical to the
criterion used in our previous study [58], where it was shown
to correspond to the onset of the nonaffine displacement tail
associated with shear transformation events. More generally,
this definition is consistent with mobile-immobile particle
partitioning schemes commonly used to identify dynamic het-
erogeneities in glasses [69].
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The fraction of particles participating in the plastic re-
sponse during an avalanche is quantified as n, = N,/N, where
N, is the number of plastically displaced particles and N is
the total number of particles. To perform a comparative study
with the bulk plastic strain, we also observe the particles
cumulatively (n. ) over arange of strain values. Additionally,
a pair of such particles is considered part of the same “cluster”
if they lie within the first coordination shell, as defined by
the pair correlation function [g(r)]. A cluster is considered
percolating if it spans the entire system and its size scales with
the system size.

II1. RESULTS

A. Mechanical response

We obtain the mechanical response of the samples by
shearing them using the AQS protocol across the yielding
strain and record the stress-strain response [see Fig. 1(a)]. De-
pending on the cooling rate 7" used for glass preparation, we
observe strongly varying behavior. For slow cooling rates, we
observe a long linear—close to elastic—behavior extending
to around y = 5%. For faster cooling rates, the initial slope of
the stress-strain curves, i.e., shear moduli G, is lower, and the
variation from linear behavior starts almost immediately. Ad-
ditionally, slower cooling rates result in higher peak stresses,
with a more pronounced maximum in the stress-strain curves.
We define the maximum shear stress as the yield stress 7, and
the corresponding strain as the yield strain yy. This working
definition may be ambiguous for poorly annealed glasses,
where the maximum stress can occur within the steady-state
flow regime. Nevertheless, we adopt this single definition of
yield to ensure consistent comparison across glasses prepared
with different annealing (see SM [60] for an alternative yield
strain definition).

The initial modulus G allows for the determination of the
plastic strain using the relation y, = y — & (see SM [60] for
discussion on the constancy of G). Looking at the evolution of
this quantity [illustrated in Fig. 1(b)], we observe two extreme
cases: a power law y;, oc y* for fast cooling rates and a mix
of linear and exponential behavior y, o ye’/" for the slow
cooling rates. The latter is essentially exponential behavior,
with a linear part at low strains y < yp—giving the correct
¥p — 0 behavior at the y — 0 limit.

Figure 1(c) provides a microscopic visualization of the
accumulated plastic strain in glasses annealed at cooling rates
T = 10" (top) and T = 10'? (bottom), for systems with N =
24000 particles. Particles rearranged in a plastic event are
highlighted based on a nonaffine displacement threshold of
drpag. > 0.3 A (see Materials and Methods and Ref. [58]).
These highlighted particles, identified during individual plas-
tic events and shown cumulatively over a range of strain
values, represent the evolving spatial profile of local plastic
activity, which can be considered representative of shear trans-
formation zones or softness [33].

Plastic activity appears spatially extensive in the poorly
annealed glass, whereas in the well-annealed glass it remains
more localized. This localization, understood to be correlated
with the spatial distribution of soft regions, is also observed
in the local yield stress and elastic moduli [26,27,33]. As

yielding approaches, we observe that these initially isolated
soft regions grow, leading to relative growth of the clusters of
plastically deformed particles—consistent with the observed
growth behavior of the global plastic strain.

B. Bayesian prediction model

To predict the yielding behavior of the glasses we construct
a function that can encompass both of the extreme cases and
interpolate between them, namely

Yo = Ay“e’/", 3)

where we explictly introduce the prefactor A. This reproduces
the slow cooling rate near-exponential behavior with o = 1,
and in the Yy — oo limit depicts the pure power-law behavior,
as observed for the faster cooling. Using this function, we can
make early predictions of the yield point (yy, ), based on the
stress-strain data read only up to a low strain value y;. The goal
is to infer the values of the parameter set 8 = {A, yp, o} based
on the observed data D (stress-strain data up to strain y;) and
to extrapolate the stress-strain behavior at future strains from
7 = G(y — ¥,)- This process is shown in Fig. 1(d).

We do prediction using Bayesian inference, which starts
from the Bayes’ theorem

p(DIO)p®) _  p(DIO)p(®)
p(D) [ p(DIO)p(6)do’

where p(6|D) is the posterior distribution of the parameters
conditional on the observed data, p(D|0) the likelihood, and
p(0) the prior distribution encoding our knowledge about the
parameters before observing any data. The integral over all
the possible parameter values in the marginal likelihood p(D)
is generally analytically intractable, but Markov chain Monte
Carlo (MCMC) methods can be used to generate a sequence
of parameter values, the distribution of which approximates
the posterior distribution. Compared to simple curve fitting,
Bayesian inference provides both regularization through pri-
ors and robust uncertainty quantification, which is used to
assess the reliability of predictions and the convergence of the
ML algorithm. Here we read the stress-strain data (y, ) up to
a strain y; and use this as the observed data D. Using MCMC
we then sample from the posterior distribution [Eq. (4)], and
for each sample can compute the plastic strain [Eq. (3)],
generate a stress-strain curve, and finally determine the cor-
responding yield point (yy, 7y). See Materials and Methods
section for more details on the implementation.

Taking as an example the prediction strain of y; = 5%
shows the power of the proposed framework [see Fig. 2(a)].
By only considering small strains, in the near-linear elastic
regime, we still observe enough plasticity to be able to in-
fer fairly narrow distributions for the model parameters 6,
thus having fairly narrow distributions for the predictions of
yield stress 7, and strain y,. For the slower cooling rates
the prediction is excellent, closely following the shape of
the stress-strain curves up to yielding. For poorly annealed
glasses, where the yield point is ill-defined and plastic strain
accumulates slower than predicted, the model tends to un-
derestimate the yield stress by around 20%. Nevertheless,
the predictions remain reasonably accurate and relevant for
practical engineering applications (see SM [60] for further

p@|D) = “
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FIG. 2. (a) Bayesian prediction of the stress-strain curve for three different cooling rates 7. The red curve is the average stress-strain
prediction (shaded area corresponding to the uncertainty estimate), made based on the data before y; = 5% (blue dashed line). The probability
distributions of the yield stress p(z,) and yield strain p(y,) derived from the individual prediction samples are shown on top and on the side of
the figures. (b) The relative difference between the predicted rypred and true value ™ of the yield stress as a function of the prediction strain y;

y

for the different cooling rates. Although the yield stress is ill-defined in poorly annealed glasses, the predictions remain sufficiently accurate

(with ~20% underestimation of stress).

discussion). The prediction accuracy naturally increases, as
one takes more data into account (i.e., increases y;) and the
predictions start to converge to the correct values at around
¥; = 5% [see Fig. 2(b)]. See SM [60] for more discussion
on the posterior distributions of the parameters (including
the connection between A and y;), as well as the posterior
distributions of 7y and yy, with changing y;.

C. Two limiting behaviors

The inferred posterior distributions of the parameters of «
and yp of Eq. (3) are very narrow (see error bars in Fig. 3).
We can also see that the posterior distributions do not evolve
much going from strain y; = 0.05 to y; = 0.08 (see difference

1015

1014

1013
T[K/s]

1011 1012

FIG. 3. Mean behavior of the inferred values of the parameters of
Eq. (3) for « (red) and y, (blue) for each cooling rate and for two dif-
ferent Bayesian prediction strains y;. The dashed red lines correspond
to the linear (¢ = 1) and percolation cluster (¢ = 5/3) behaviors and
the solid red line a logistic fit going from one limiting behavior into
the other. The solid blue line corresponds to an exponential fit. The
background color indicates the cooling rates dominated by the ex-
ponential behavior (blue) and the ones dominated by the power-law
behavior (red). Both the fits and color gradient serve as guides to the
eye.

of open circles and filled triangles in Fig. 3). One can also
see the expected behavior for the extreme cases: for slow
cooling rates yy is low, indicating exponential behavior with
the low strain power-law regime having close to linear be-
havior (o &~ 1) and for high cooling rates yy is very high,
indicating dominant power-law behavior. This is qualitatively
shown in the background color of Fig. 3. Such power-law
and exponential behaviors have previously been seen also in
dislocation plasticity [11].

We next outline an argument for the development of plas-
ticity in “bad” glasses where the y;, exhibits a power-law-like
growth. With the observation that the number of atoms partic-
ipating in yielding scales as n >~ y%, we write the growth law
for n as

on

— ~ plb/e,
ay

We next assume that the growth takes place in diffuse clusters
of internal dimension dr and a surface dimension d; for n and
cluster size S as a function of the cluster linear dimension R.
If the growth rate An is taken proportional to S, we solve o
and obtain that

&)

T dr—dg

For 3D isotropic percolation these exponents have the val-
ues dp >~ 2.53 and d; ~ 1.03 which gives with quite a good
approximation o = 5/3. This matches the limiting behavior
we see at high 7' (Fig. 3). The microscopic observations for
the poorly annealed glass are also consistent with the fractal
dimension of 3D isotropic percolation, which is observed well
beyond the yield point and transient shear band (see SM [60]).
These limits should be “universal” in bounding the plasticity
development, thus the shape of the stress-strain curve, and
lead to the demonstration in the SM [60] how various com-
positions of the CuZrAl family at a fixed cooling rate map
into CuZr with different cooling rates.

o

(6)
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FIG. 4. Cumulative fraction of yielded particles n j, as a function
of the applied strain y for the different cooling rates. The inset shows
the same data in a logarithmic-linear plot to illustrate the exponential
behavior in the plasticity in the preyield regime. The vertical dashed
line marks the averaged yielding strain for all the cooling rates.

D. Microscopic nature of plasticity

To gain microscopic insights with a structural perspective,
we examine the fraction of particles (n,) involved in irre-
versible plastic deformation. During an avalanche, a particle is
considered part of the plastic core if its nonaffine displacement
exceeds 0.3 A. This displacement threshold allows the identi-
fication of particles undergoing plastic rearrangements at the
microscopic level (see Materials and Methods for details and
Refs. [14,58]). Recognizing such particles serves as a tool for
identifying local rearrangments (STZs), the fundamental units
of plastic deformation. The particles involved in an avalanche
exhibit a physically consistent correlation with the active par-
ticipation in the bulk stress drops (as discussed in SM [60]
and Ref. [58]), further asserting the physical relevance of this
observation.

To track the development of plasticity, we monitor these
particle fractions cumulatively (s ,)—from the initial unde-
formed state to well beyond the yield strain. Figure 4 shows
the cumulative fraction of particles exhibiting plastic activity
for various cooling rates. In the nearly elastic regime, the
poorly annealed glass exhibits weak power-law behavior with
an exponent of @ = 1.12. The observed exponent is notice-
ably smaller than that for bulk plastic strain, possibly due
to the absence of long-range elastoplastic responses in the
present microscopic analysis, which are inherently difficult to
distinguish from local effects [14]. As the degree of anneal-
ing increases, the evolution of plasticity gradually transitions
toward an exponential form. This cumulative microscopic
evolution resembles the behavior of the macroscopic plastic
strain, highlighting a consistent correlation between atomistic
dynamics and bulk mechanical response.

E. Microscopic signal for machine learning predictability

To further explore the development of bulk plasticity under
shear, we perform a spatial analysis based on the cumula-
tive clustering of particles undergoing plastic rearrangements.
Two particles are considered part of the same cluster if they
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FIG. 5. Ratio between the cumulative fraction of yielded par-
ticles n., and the size of maximum cluster sy, as a function of
the applied strain y for the different cooling rates. In the preyield
regime, the systematic increase in the peak of the nc p/smax Suggests
that plastic events are distinct till the strain y ~ 0.05, which further
percolates to form the spanning cluster. The inset shows the percola-
tion probability pperc and a logistic fit. The vertical dashed line marks
the averaged yielding strain for all the cooling rates.

are neighbors, defined as being within the first coordination
shell according to the radial distribution function. Similar to
the cumulative fraction of yielded particles (np) and bulk
plastic strain, the size of the largest cluster also increases and
exhibits a comparable dependence on the cooling rate (see SM
[60]).

To highlight the spatial nature of plasticity, Fig. 5 shows
the ratio of the cumulative fraction of particles undergoing
plastic rearrangements, 7. p, to the size of the largest cluster,
Smax, as a function of strain y across cooling rates. As noted in
Fig. 1, plastic activity is spatially extensive in poorly annealed
glasses, forming percolating clusters early in deformation. In
contrast, plasticity in better-annealed glasses is more local-
ized: the ratio gradually increases and peaks, which depends
on the cooling rate, indicating that plastic events remain spa-
tially distinct within the initial-elastic limit (up to 5% strain).
Beyond this point, as observed, events begin to merge into
a spanning cluster and grow. However, full percolation re-
quires additional loading and further distinct plastic events.
These findings demonstrate that the spatial distribution and
growth of plasticity, even in the near-elastic regime, encode
structurally relevant information, observed to be effectively
captured by our ML-based model and motivating its extension
to brittle glasses to test broader applicability.

IV. CONCLUSIONS

This work presents a predictive framework for the me-
chanical response of Cu-Zr(-Al) metallic glasses under shear,
combining physical insight with Bayesian machine learn-
ing. By analyzing plastic strain evolution in the early elastic
regime, we show that stress-strain curve and yield point can be
accurately predicted across a broad range of cooling rates as-
sociated with ductile failure. Plasticity develops progressively
and reflects the thermal history of the glass, with preyield
activity more localized in well-annealed samples and more
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extensive in poorly annealed ones. Bulk plastic strain, as-
sociated with the plastic rearrangements, emerges as a key
predictive feature.

Our approach replaces the complexity of multivariable
models into a small set of physically meaningful, global ob-
servables, e.g., stress and plastic strain, without relying on
detailed microscopic inputs that are often specific to a given
system or thermal history [33]. It is computationally efficient,
broadly applicable across different preparation conditions,
compositions (see SM [60]), and physically interpretable. Im-
portantly, our method overcomes key limitations of commonly
used deep learning approaches, offering a more transparent,
transferable framework. While demonstrated under athermal
quasistatic shear conditions, extending this work to finite
temperatures and shear rates (where thermally activated relax-
ation and rate-dependent plasticity become important), as well
as to ductile-to-brittle transitions offers a promising direction
for future work [15,70]. This would require incorporating
additional physical ingredients beyond early plastic strain ac-
cumulation. Our findings encourage a deeper exploration of
plasticity growth with multiscale modeling and its connection
to yielding through theoretical studies, atomistic simulations,
and mesoscale elastoplastic models. This study shows that
physics-informed machine learning with bulk plasticity can
provide robust, interpretable, and transferable predictions of
yielding in disordered materials, directly relevant to experi-
ments and applications.

The present framework assumes that plastic strain accumu-
lates progressively in the nominally elastic regime, allowing
a smooth growth law inferred at small strains to be extrap-
olated toward yielding. This assumption is well justified for
ductile and marginally stable glasses, but it breaks down for
sufficiently well-annealed glasses that exhibit brittle, discon-
tinuous yielding associated with a spinodal-like instability
near the yield point [15]. In such cases, plastic activity does
not evolve as a smooth continuation of early plasticity and the
present extrapolation strategy is not expected to remain valid.

Extending the framework to brittle glasses would require
incorporating additional indicators of proximity to yielding,
such as spinodal-like signatures or changes in collective plas-
tic activity, which remains an interesting direction for future
work.
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