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ABSTRACT

Understanding nanoscale behavior in glasses is challenging due to their inherent long-range disorder and the absence of clearly
defined defect regions. However, shear transformation zone theory suggests that certain “soft spots,” which are prone to plastic
rearrangements, can be identified even in stress-free configurations. Various predictive methods, such as energy approximations
and local structural indicators, have been proposed with varying success. The local yield stress (LYS) method, however, has
demonstrated strong potential by identifying these soft spots based on local mechanical properties. In this study, we use the
LYS method to analyze the distribution of soft spots in 2D silica network glass, where the local critical stresses are probed
using mechanical simulations. Samples with different heterogeneities are generated through a Monte Carlo bond-switching
algorithm and subjected to shear via an athermal quasistatic (AQS) deformation protocol. Our results reveal a high correlation
between regions with low critical stresses and the locations of rearrangement events, especially for events that happen early in
the shear simulations, though this correlation decreases as the system approaches failure. These findings highlight the method’s
effectiveness in predicting plastic activity in structural glasses, and confirming that soft spots can be identified from the initial
configuration. Additionally, we optimized the probing length scale for different levels of heterogeneity and analyzed the resulting
statistical distributions of the local critical stresses, which are essential for accurate macroscopic modeling of silica glass.

1 | Introduction bility of STZs, offering a more accurate picture of deformation in
glasses [5].

Our understanding of the mechanisms behind the mechanical

deformation of glasses has significantly advanced since Argon
proposed that local clusters of atoms undergo shear transforma-
tions according to an Eshelby-like field [1]. In 1998, Falk et al.
introduced a comprehensive theory on the dynamics of shear
transformation zones (STZs) [2]. Since then, substantial efforts
have been dedicated to predicting and studying these zones.
Two main approaches have emerged for predicting STZs. The
first approach involves approximations of the potential energy
landscape (PEL). Harmonic approximations [3] have had limited
success since it was shown that STZ involves the hybridization of
localized vibrational mode with phonons [4]. On the other hand,
anharmonic approximations have shown better predictive capa-

The second approach focuses on local structural indicators within
the system. Key indicators include among others, the local elastic
moduli [6], local yield stress (LYS) [7], and machine learning
techniques [8]. Among these methods, LYS has proven to be
highly accurate, effectively predicting the location of shear trans-
formation zones by analyzing the local stress-free configuration.
This high accuracy of the LYS method strongly supports that STZs
are detectable in the stress-free configuration.

However, despite these advances, questions about the universal-
ity of the LYS method remain. While it has been successfully
applied to binary glasses, it has yet to be tested on silicate glasses,
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which have different structural and mechanical properties, where
bond-breaking events become dominant due to covalent bonds [9,
10]. Further research is needed to explore the applicability of the
LYS method to a broader range of glassy materials.

In this paper, we investigate the plasticity and fracture of 2D silica
glass using molecular mechanics. Following the LYS method, we
probe the local critical stresses to predict STZs in samples exhibit-
ing different degrees of heterogeneity. These heterogeneities were
introduced using a Monte Carlo bond-switching algorithm and
subjected to true shear in athermal quasistatic (AQS) conditions.
Our results demonstrate that the LYS method is able to predict
the locations of elementary rearrangement events during plastic
deformation. This supports the validity of the STZ concept as a
general deformation mechanism in network glasses.

1.1 | Sample Generation

Glassy systems are characterized by a lack of long-range order,
exhibiting only short- and mid-range order [11]. However, it
has been shown in experimental images [12] that 2D silica
glass follows the continuous random network theory [13]. The
theory has the restriction that all atoms have to be fully coor-
dinated, i.e., each silica atom is surrounded by three oxygen
atoms. Achieving this structure is unfeasible using traditional
melting-quenching techniques, so we employ a Monte Carlo
bond-switching algorithm to generate the disorder [14].

Initially, we created a 2D crystalline silica network containing
only six-fold rings. A Monte Carlo simulation is then performed,
where bond switches are attempted between randomly selected
pairs of silicon atoms. These bond switches, which are carried
in the dual lattice space, alter the ring size distribution and
introduce disorder into the system. Bond switches that result
in over- or under-coordination are immediately rejected, and
another switch is attempted. The acceptance probability of a
switch is determined using the Metropolis-Hastings criterion. To
model disorder, we approximate the ring size distribution with a
logarithmic distribution function [15]:

1 (logx, — u™)
ex
ox,\/ 271 20(m2

where x, is the continuous counterpart to the ring size integer
values, and u™ and o™ are the mean and standard deviation,
respectively. The parameter u™ is taken from experimental
values, while o is varied to control the disorder in the system.
However, taking into consideration only global ring statistics
in the bond-switching algorithm may lead to unphysical local
clusters of atoms. Therefore, we incorporate ring neighborhood
statistics using the empirical Aboav-Weaire law [16-18]:

P(xn’ :u(m)’ U(M)) = (1)

nt, + 05
m, = :un(l - an) + M—y (2)

n
where m,, is the mean ring size naturally found around rings of
size n. Here, y, and o, are the mean and standard deviation of
ring statistics, and «,,, which typically takes values around 0.3,
indicates that smaller rings are more likely to be surrounded by

larger ones. An objective function is then constructed based on
the parameters o,, from Equation (1) and «, from Equation (2),
which is used to adapt the Metropolis—Hastings condition.

Furthermore, after each bond, switching the potential energy of
the system is minimized to ensure that the configuration of the
system is in static equilibrium. The minimization of the energy
is carried out using the Yukawa potential [19-21]. This potential
is commonly used to describe silica network glass [21-24]. The
potential takes the following form:

12
ﬁz(rij) = <ﬂ> + L exp(—xr;;), (3)
rij rij
where r;; is the inter-atomic distance, g;; refers to charge, q;;
denotes the repulsive strength and x is the screening param-
eter. The cut-off radius of the potential was set to 10 A. It is
worth mentioning that this potential reproduces the experimental

short-range order and ring statistics in 2D silica glass well [22].

In this paper, we used the aforementioned procedure to simulate
2D silica network glasses with varying variances in the distribu-
tion of ring structures, which serve as a measure of the system’s
heterogeneity. Specifically, we studied five different levels of
heterogeneity: 0.6, 0.8, 1.0, 1.2, and 1.4. For each level, 50 samples
were generated, each containing 9600 atoms, comprising 5760
oxygen atoms and 3840 silica atoms.

1.2 | Mechanical Simulation

The mechanical simulations are done using the AQS protocol [25]
with periodic boundary conditions (PBCs). The AQS algorithm
consists of two primary actions, which are repeated throughout
the simulation. At each deformation step, an affine deformation
field is applied, followed by minimization of the potential energy,
resulting in the non-affine movement of atoms. This process
ensures that the system remains in equilibrium throughout
the simulation. This method is widely employed in molecular
dynamics due to its ability to approximate low strain rates (¢ —
0), which are not achievable using conventional MD simulation
techniques. Additionally, it facilitates easier identification of
the material’s mechanical responses by suppressing thermal
effects.

Each sample is subjected to an external true shear strain field
through 400 deformation steps, each with a displacement of Ax =
0.1 A along the x;-axis. The stress-strain curves of the systems
exhibit linear branches interrupted by sudden drops, indicating
the jerky motion of the system. The linear branches represent the
elastic response of the system, while the sudden drops correspond
to rearrangement events of the atoms, where the minimum in
the PEL flattens out, causing the system to transition to a new
configuration. These events represent STZs [2]. The step size was
carefully chosen to ensure that no elementary event was missed
during the simulation.

The stress—strain curves are analyzed for the stress drops. At each
stress drop, the displacement fields before and after the event
are extracted. Consequently, the non-affine displacement field for
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each event is computed by subtracting the affine displacements
from the total displacement field. Furthermore, the location
of the atom undergoing the largest non-affine displacement is
considered the center of the rearrangement event.

1.3 | Local Critical Stresses

Patinet et al. [7] demonstrated that the LYS method is a powerful
tool for predicting plastic activity in amorphous solids. This
method is based on the concept that different local spots in the
system have varying stress thresholds, which, when exceeded,
cause the system to fall out of equilibrium. This concept is widely
used in macroscopic descriptions of amorphous solids [26],
making this method particularly useful for upscaling approaches.

At each grid point, a circular region with a radius r,,, =1, +
7. 1s defined, which is subjected to an AQS shear deformation
protocol, where r.,, is the cutoff radius potential used in the
simulation. The atoms in the region between r,,, and r,, are
constrained to move purely affinely, and therefore, constitute a
boundary region for the atoms in the region within ry,,,, which
are left to move freely. All the atoms outside r,,, are removed to
save computational time.

The same deformation protocol used for the entire system is
applied to the individual spots. Specifically, an AQS true shear
protocol is followed with deformation steps of Ax = 0.1 A. During
energy minimization, only the atoms within r,,, are relaxed. The
shear simulation continues until a decrease in the P,; component
of the virial stress tensor is detected. At this point, the stress is
recorded, and the simulation is stopped. The difference between
the initial stress and the stress just before the drop is taken to be
the critical stress of the region.

Due to the anisotropic nature of the material, the local critical
stress is measured in multiple directions. Each region is rotated,
and the shear simulation is repeated in the x,-direction, with
rotations from a = 0° to « = 170° in increments of Aa = 10°. This
process provides a direction-dependent local threshold P, («) for
each spot, which is crucial for understanding the anisotropy of
the system. Notably, at higher heterogeneity and larger sizes, the
overall system anisotropy decreases, but the defined local spots
exhibit strong anisotropy. Our shear simulation of the complete
system is conducted along the x,-axis. Therefore, for each spot,
the local critical stress as a function of « is computed by projecting
the stress onto the x;-axis, i.e., at o; = 0°. To obtain a scalar
quantity that aids in predicting active plastic zones, we take the
local critical stress to be the minimum of all the values:

C
AP = min —2u(@ @)
a cos[2(a — ap)]
An illustrative drawing of the method is presented in Figure 1. To
assess whether the local critical stresses provide valid predictions
for plastic activity, we correlate the generated data with rearrange-
ment events from the shear simulations. We begin by computing
the cumulative distribution function (CDF) of all the grid points
in one sample. Next, we map the locations of the rearrangement
events back onto our created grid and extract the corresponding

CDF values. We then compute a prediction goodness measure Cy,
defined for a certain local threshold as follows [7]:

C, =1-2CDF(¥, ). 5)

Here, ¥ is the local threshold measure, which in our case is
AP, CDF is the cumulative distribution function averaged over
all the samples of a certain heterogeneity. If the rearrangement
events occur near grid points with low critical stress and there-
fore a low value of the CDF, the goodness values approach a
value of one, which means perfect prediction. Consequently,
the values of Cy range from 1 for perfect correlation to -1 for
perfect anticorrelation.

2 | Results
2.1 | LYS statistics

To study our systems, we need to define rj,,,, which remains
a free parameter. Therefore, we conduct a parametric study by
varying r .., from 6.0 to 14.0 A in increments of 0.5 A. Using
each radius, we analyze the initial configuration of each system
(the configuration at the beginning of the shear simulation)
using the previously described method. An example of the local
critical stress map for two systems with different heterogeneities,
produced using different scanning radii, is shown in Figure 2.

First, we compute the global probability distribution functions
(PDFs) of all the spots for each heterogeneity using different free
radii. The results are plotted in Figure 3. In Figure 3a, where
T free = 6.0 A, the distribution is symmetric and sharply peaks
around 0.5. However, for lower heterogeneities, the distribution
is slightly broader with a peak shifted toward higher values. At
higher radii, r;,,, = 12.0,13.0,and 14.0 A, as shown in Figure 3e, f,
and g, respectively, the distribution becomes wider, the skewness
increases, and the peak shifts toward higher values.

Figure 3b-d show that lower heterogeneities transition to a
skewed distribution at lower radii. As the free radius increases,
the PDFs of different heterogeneities initially diverge but then
converge again at higher radii, displaying similar distributions.
This widening and skewing of the PDFs can be partially explained
by the “spill-over” effect of regions with low critical stress. As
the free radius increases, unstable regions are more likely to be
included in the spots of neighboring regions. This phenomenon
is illustrated in Figure 2.

2.2 | Prediction Goodness

First, we only analyze the first event of the shear simulation
for each sample to determine which radius provides the best
prediction goodness. The results are plotted in Figure 4a. It
is evident that smaller radii do not yield good predictions for
all heterogeneities. However, as the free radius increases, the
prediction goodness significantly improves and converges to
values close to one, indicating a strong correlation between
the first rearrangement events and regions with low critical
stress. Notably, the convergence of prediction goodness occurs
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FIGURE 1 | Anillustration of the local critical stress method. Atoms within the inner circle are free to move during the simulation, while atoms in
the shaded area (the outer ring) are frozen, creating rigid boundary conditions. All other atoms in the system are removed, and the system is subjected
to shear deformations using AQS protocol until a stress drop occurs. This stress drop could happen when a bond breaks, as shown above, or at yielding,
where the stress plateaus. The black arrows in the second figure indicate the non-affine displacement field at the stress drop. The local critical stress for
a specific angle is then taken as the difference between the maximum stress and the initial stress. This process is repeated for different rotation angles
a of the spot. In the upper plot, the P;; component from the virial stress tensor P is plotted for a single spot at rotation angles ranging from a = 0 to
a =170 A in increments of A = 10 A. The local critical stress is measured from the black curve, as it satisfies the criteria in Equation (4). AQS, athermal

quasistatic.

at higher radii for higher heterogeneities. Additionally, the first
events in systems with higher heterogeneities exhibit lower
prediction goodness.

The first plastic event typically occurs within the elastic regime
of the material. However, our interest extends to studying plastic
activity during yielding and fracture. Therefore, we compute
the prediction goodness for the first 15 events of each het-
erogeneity. The results are shown in Figure 4b. The average
prediction goodness for higher radii remains high, above 0.8,
for most heterogeneities (c = 0.8 to ¢ = 1.4), and slightly lower
for heterogeneities o = 0.6 and o = 0.7. Interestingly, we observe
the opposite trend compared to the first events: later events
are harder to predict in lower heterogeneities. This can be
attributed to the more brittle nature of the material with lower
disorder. Consequently, the system enters the fracture regime
earlier in the simulation, where avalanche events of crack prop-
agation become more common [27]. Crack propagation events
are expected to show a lower correlation with regions with low
critical stresses since they result from stress concentration around

bonds broken in earlier events. Furthermore, the method used to
measure the goodness does not account for events composed of
multiple subevents.

Based on the results presented in Figure 4, our objective is to
determine the optimal free radius necessary for predicting plastic
events within various heterogeneities. The prediction goodness in
Figure 4 converges to values close to its maximum and stabilizes
above a certain radius, resulting in multiple consecutive radii
yielding similar values within an error margin. Therefore, we
consider the optimal radius to be the smallest radius that provides
the maximum prediction goodness within a 1% error margin.

This optimal radius offers insights into the minimum degrees of
freedom required within a local spot for the local mechanical
probing to accurately predict consecutive elementary events.
The results are presented in Figure 5a. For the first event,
the optimized free radius correlates with the level of disorder,
with larger radii providing better predictions for systems with
higher heterogeneities. Intriguingly, this trend reverses when
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(a) X
0 =0.6,Tfrec =6.0A

0 = 0.6,7free = 10.0 A
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0 =0.6,Tfrec = 14.0 A

(d ]
0 =14,7free = 6.0 A

=1.4,7 e = 10.0 A

) c
0 =14,7free = 140 A

FIGURE 2 | Map of the local critical stresses for two different heterogeneities and for different I free- The blue color represent regions with high

critical stresses, while the red spots represent regions with low values, which indicate regions that are susceptible to rearrangement events. The markers

represent the rearrangement events extracted from the true shear simulation, while the numbers indicate the order of these events.

considering the first 15 events: larger radii yield better predictions
for systems with lower heterogeneity.

Additionally, both trends converge for systems with heterogeneity
o =13 and o = 1.4, indicating that the optimized radius is
effective for predicting either the first or the first 15 events.

In Figure 5b, the prediction goodness for the first 40 events is
plotted using the computed optimized r,,, for heterogeneities
o =0.6, 0.8, 1.0, 1.2, and 1.4. For the lower heterogeneities, the
prediction goodness drops sharply, reaching values close to zero
after around 15 events, indicating that the prediction at this point
is only slightly better than random. However, as the heterogeneity
increases, the prediction goodness for later events also increases.
For the higher heterogeneities, the prediction goodness decreases
linearly until the 40th event.

Considering that this method only scans the initial configuration
and does not account for the sequence of events, this suggests that
plastic activity in highly disordered systems remains correlated
with the initial configuration for a longer time.

It is worth noting that we chose to stop at the 15th event for the
optimization of the free radius because predictions become close
to random for lower heterogeneities beyond this point. However,
when using the first 40 events instead of the first 15, we observe
very similar trends.

Our analysis of two-dimensional silica glass using the described
method aligns with findings by Patinet et al. for two-dimensional
Lennard-Jones (LJ) glass, demonstrating a high correlation
between regions with low critical stresses and the locations of
rearrangement events. These results confirm the robustness of
the method for predicting different types of elementary events,
including bond-breaking, which are characteristic of silica’s
covalent network. Intriguingly, the bond-breaking phenomenon
is also observed in local mechanical simulations of the spots.
Furthermore, additional differences appear in the statistical dis-
tributions of the thresholds. Our data show that at small probing
radii, the threshold distributions are symmetric and sharply
peaked. As the radius increases, these distributions broaden and
develop a left-skew. In contrast, two- and three-dimensional
binary glasses display right-skewed distributions [28, 29].
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FIGURE 4 | Prediction goodness of different free radii r free Of the elementary events for the systems with different heterogeneities, (a) prediction

goodness of the first event; (b) average prediction goodness for the first 15 events.

3 | Conclusion

Following LYS method, we used local mechanical probing to
compute the local critical stresses and predict plastic rearrange-
ment events in 2D silica network glass. We demonstrated that

the method has remarkable predictive power for plastic activity
in our systems. The results indicate a strong correlation between
the regions identified by the method and the locations of local
rearrangement events akin to STZs. This confirms that these spots
are predictable from the initial configuration.
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FIGURE 5 | (a)The optimized free radius used for the computation of the local critical stresses that are used for the prediction of rearrangement

events for different heterogeneities. (b) The prediction goodness plotted against the number of plastic events for heterogeneities o = 0.6, 0.8,1.0, 1.2, and

1.4, using the optimized radius for each. For better visibility of the results, other heterogeneities were omitted.

By scanning our systems with various free radii, we found
that larger radii yield different statistical distributions of the
local critical stresses, producing wider and more skewed dis-
tributions. The shape of these distributions is valuable for
macroscopic modeling of disordered materials. Furthermore, our
results show that the optimal radius for predicting the first
rearrangement event correlates with the level of disorder in the
system. Surprisingly, for predicting a larger number of events, this
trend reverses, and a relatively smaller radius provides the best
prediction.

Finally, while our study highlights the high correlation between
regions with low local critical stresses and the locations of plastic
events, questions remain about whether this is sufficient for
modeling plasticity in disordered solids. Additionally, avalanche
events play a central role in fracture of silica glass [27] and
extending the method to consider them seems like the logical next
step. This could be done by careful analysis of the interaction
of the STZs similarly to the interactions of defects [30, 31].
However, this is beyond the scope of this study and is left for
future investigations.
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