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Shear transformation zones (STZs) are widely believed to be the fundamental flow defects that dictate
the plastic deformation of amorphous alloys. However, it has been a long-term challenge to characterize
STZs and their evolutions by experimental methods due to transient nature. Here we first introduced a
consistent, automated, robust method to identify STZs by linear based machine learning outlier detection
algorithms. We exemplify these algorithms to identify the atoms of STZs in Cu64Zr36 metallic glass sys-
tem, and verify this data-driven model with a physical based model. It is revealed that the average STZ
size slightly increases with decreasing cooling rate.

© 2020 Acta Materialia Inc. Published by Elsevier Ltd. All rights reserved.

Metallic glasses (MGs) possess remarkably high strength due to
their unique amorphous structure that is lack of crystalline de-
fect dislocations carrying plastic deformation [1-7]. However, their
practical application as structural materials has been limited by
the nearly negligible tensile ductility due to severe strain local-
ization in the form of shear banding [8-12]. How shear bands
form is strongly dependent on the collective behaviors of the hypo-
thetical flow defect shear transformation zones (STZs) in the MGs
[2,13-16]. The activation of STZs has been shown to be directly
related with the fast secondary beta relaxation process [15,17,18],
which can be related to the structural heterogeneity and bonding
state [19-21]. From the perspective of potential energy landscape,
this beta relaxation can be identified as hopping events across sub-
basins within an inherent mega-basin [18,22,23]. However, in prac-
tice, the STZs are difficult to determine by experiments directly
[24-28] due to its transient nature in the disordered structure, ren-
dering it hard to form a diffraction pattern in a realistic timeframe.
In the atomistic simulations, on the other hand, the identification
of STZs from localized atomic rearrangement without a structural
indicator, largely rely on taking the theoretical STZ model as a pri-
ori [29-31], resulting in significant variations induced by thermal
or stress stimulations [32-34].

Machine-learning (ML) has become an emergent and powerful
tool in material science to create accurate predictive material mod-
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els quickly and automatically for the rational design of novel ma-
terials [35-37]. For example, ML models have been created to es-
tablish complex processing-properties relationship, predict the me-
chanical properties of metallic alloys, phase diagram, crystal struc-
tures, melting temperatures of binary inorganic compounds, the
formation enthalpy of crystalline compounds, band gap energies of
certain classes of crystals, develop interatomic potential and energy
functional for accelerated materials simulation [35,38-40]. Due to
the disordered structural nature and the non-equilibrium dynam-
ics [41], the MGs represent a unique system for ML. Successful ex-
amples include building the relationship between composition and
glass forming ability [38,42,43], and identifying the structural fea-
ture of flow defects; but limited studies have been focused on the
fundamental dynamic features of the flow defects.

Here we introduce a novel method of adopting ML outlier de-
tection algorithms to identify the atoms involved in STZs during
many thermally-activated events. We exemplify this algorithm to
identify the size of STZs in a model CugyZr3g MG system with vari-
ous cooling rates, and verify the data-driven model with a previous
physical based model. Furthermore, it is revealed that the average
STZ size slightly increases with decreasing cooling rate. The advan-
tages of this machine learning outlier detection approach are au-
tomated detection, consistent results, robustness to a wide range
of training data of ART simulations that can be applied in many
different systems of amorphous solids [44].

CugyZrsg metallic glass samples with three different cooling
rates were prepared by LAMMPS molecular dynamics simulation
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software [45]. Specifically, the system was quenched from the equi-
librium liquid state at 2000 K (equilibrated for 2 ns) to ~ 0 K,
at three cooling rates of 10" K/s, 103 K/s and instant quench-
ing, respectively, under Nose-Hoover thermostat and zero-pressure
barostat. Further equilibration for 2 ns at near 0 K and mini-
mization were applied to three quenched samples. Each sample
contains 2000 atoms, located inside a simulation box with peri-
odic boundary conditions in all three directions. The activation-
relaxation technique (ART) was used to probe the local structural
excitations of three samples, providing ~4000 transition events
data connecting the initial, saddle and final states of STZs [46-
49]. The details of ART are included in the supplemental materials.
All post-processing tasks, including these machine learning outlier
detection algorithms, are conducted by using self-developed open
source software package ART_data_analyzer [44], which has been
integrated into the ART-nouveau project in gitlab to facilitate the
automation of running ART simulations and ART post-processing
tasks in parallel.

In this study, we performed the correlation analysis between
the atomic displacement and atomic level strains defined in refer-
ence [50] to identify the zone of atomic rearrangement (non-affine
displacement) as the flow defect STZs. The physical insight is that
the atoms going through inelastic deformation will deviate from
a linear (pure elastic) strain-displacement relationship. Identifying
the atoms of STZs essentially becomes obtaining a robust way to
identify atoms that are outliers to the linear relation. The extent
of deviation from a linear relation determined the magnitude of
inelastic rearrangement. The atomic level von Mises shear strain

nMises and volumetric strain r)fyd“’ are defined as
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where d% is the displacement vector from atom i pointing to atom
Jj before deformation, dj; is the displacement vector from atom i
pointing to atom j after deformation. i is the index of atom of in-
terest, j is the index enumerating over all neighboring atoms N;. V;,
Wi, Ji, n; in Eq (1a) are the 3 by 3 matrices associated with atom i.

Machine learning outlier detection algorithms are used to iden-
tify the atoms in shear transformation zone. First, the atomic
strains and atomic displacement of all atoms for each of the pro-
cesses of initial-saddle, saddle-final, initial-final are calculated by
the ART_data_analyzer package [44]. Atomic strain and atomic dis-
placement calculations by ART_data_analyzer have been verified by
Ovito [51]. Second, linear regression based machine learning algo-
rithms implemented in scikit-learn machine learning package [52],
are adopted to correlate the atomic strains and atomic displace-
ments of all 2000 atoms from the initial state to saddle state for
all filtered events in each MD sample. According to the coopera-
tive shear model, the activation volume is crucial to the ductility
of the metallic glass [16,25]. It is worthwhile to mention that in-
direct experiments (e.g. nanoindentation) to measure the size of
STZs usually characterize the state transition from initial state to
final state, which usually involves larger amount of atoms than
the atoms going through inelastic deformation during the activa-
tion stage [22,25,53]. Therefore, we focus on the activation stage
of STZs (i.e., from initial to saddle states) on the transition path, so
that the individual STZ features can be clearly identified by avoid-
ing the potential autocatalytic process upon the relaxation stage
from the saddle to final states [53].

hydro — %Tﬂ?i (1b)

Fig. 1 shows a schematic of how these machine learning algo-
rithms (described in details in supplementary materials) can find
the outlier atoms that go through inelastic rearrangement dur-
ing the activation stage of an STZ event. The linear based ma-
chine learning outlier detection algorithms will be trained on the
dotted train data to get the optimized model parameters. With a
user-defined parameter called the relative residual threshold, inliers
are determined as the atoms located within the dashed threshold
boundary; while outliers are identified as those outside of dashed
boundaries. The relative residual threshold parameter is defined as
the ratio of the desired absolute error tolerance to maximum de-
viation in atomic von Mises shear strain. It is noteworthy that the
regular linear regression model is trained on all the data (includ-
ing both inliers and outliers) to minimize the least square cost
function, which will result in a linear model that maximizes the
probability of observing all training data rather than inlier data.
The trained linear models will be inferior (for the purpose of out-
lier detection) to the linear model trained by only inlier training
data, which can be automatically identified by robust linear model
ML algorithms. Therefore, this ML approach is very robust to out-
liers, in terms of both eliminating the effect of outlier training data
on the trained machine learning model parameters and maximiz-
ing the probability of successfully classifying any abnormal train-
ing data as outliers. In this study, the conventional cross validation
procedure for verifying the model predictability is not necessary
because the purpose of our ML algorithms is to successfully iden-
tify any outlier among all training data, instead of making an ac-
curate prediction for all training data. Therefore, the performance
of various ML algorithms will be judged based on how these algo-
rithms are sensitive to identify the outlier training data, and how
the identified outlier atoms can match the physically meaningful
properties of STZ.

How the machine learning outlier detection algorithms identify
the outlier atoms of each thermally activated event independently
is shown in Fig. 2. The ML trained linear model of each event
is trained by the LinearRANSAC algorithm independently. With a
relative residual threshold parameter progressively increasing, the
number of outlier atoms is progressively reduced. The convergence
criteria are determined by a two consecutive critical slope stop-
ping criteria. A common relative residual threshold parameter was
used for all filtered events in the samples. This parameter is deter-
mined by conducting a parameter sweep on this relative residual
threshold parameter with respect to the average number of found
outlier atoms of all 4418 filtered events. Based on our compre-
hensive tests on critical slopes vs. relative residual threshold de-
tailed in supplemental materials, 0.54 is chosen as the common
relative residual threshold value for all the events. For the exam-
ples of three events in Fig. 2, the number of outlier atoms is 4,
6, 9 for each event from left to right. Moreover, we verify that
all these outlier atoms identified by our data-driven method are
indeed connected and move cooperatively in each thermally acti-
vated event, which works surprisingly well and further prove that
the linear based ML algorithms can indeed capture the physics
principle behind. In addition, this common critical residual thresh-
old value allows all the events of the three samples to reach the
very close level of convergence with respect to the average number
of outlier atoms. The benefit of this data-driven ML outlier detec-
tion approach is that it is more robust to the outliers inside train-
ing data to use only inlier data to capture the underlying physics,
without the need of making an assumption of a physical rule in
advance.

In this study, we used three linear based ML models to identify
outliers. The results are demonstrated in Fig. 3 by performing a pa-
rameter sweep of an average number of outlier atoms against the
relative residual threshold. The optimum model that is most sensi-
tive to outliers will predict the average number of outliers whose
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Fig. 1. A schematic showing the methodology to find the inelastically rearranged atoms during the activation process of a single STZ event by a machine learning outlier
detection algorithm. The figure shows the relation between the atomic von Mises shear strain vs atomic displacement for all 2000 atoms in this event. Each red dot stands
for a single atom. The red line stands for a machine learning model trained by these red dots (the model training process is demonstrated in supplementary materials).
The black dashed line stands for the maximum error tolerance boundary between the predicted shear strain by the trained machine learning model and the actual shear
strain. This maximum tolerance is controlled by a parameter called the relative residual threshold, which is the percentage of maximum deviation in shear strain and can be
determined by a double slope convergence criterion. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this

article.)
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Fig. 2. The automation process of the LinearRANSAC machine learning algorithm identifies the outlier atoms of each individual thermally-activated event. (a)-(c) represent
three representative independent events in a 10" K/s cooling rate sample. All dash lines correspond to the residual threshold boundaries with color representing different
relative residual threshold ¢ values (with ¢_os 0.54). The relative residual threshold values are 0.1, 0.2, 0.3, 0.4, 0.5, 0.54 from the most inner dash lines to the most outside

dash lines.

value are most stable against the decreasing relative residual thresh-
old (e.g. LinearRANSAC model in Fig. 3). Accordingly, the Linear-
RANSAC model is the most sensitive model in successfully classi-
fying the correct inliers and outliers so that the average number
of outlier atoms increase relatively slowly with decreasing relative
residual threshold parameter.

Fig. 4 displays the averaged properties of identified outlier
atoms constructing STZs for all filtered events in three samples
when a common relative residual threshold value 0.54 is used in
three above-mentioned linear based ML models. The average num-
ber of atoms in STZs during activation stage is around 4, which is

close to the previous findings on a similar CuZr system based on a
physical model [32]. This is consistent with the shear transforma-
tion zone region with a size of 4-6 atoms proposed by Argon [54].
Furthermore, all three models predict a consistent trend of increas-
ing STZ atoms with decreasing cooling rate. Though not discerned
by the physical model, this trend is physically plausible because
with decreasing cooling rate, the sample tends to be more struc-
turally relaxed and energetically stable with less free volume for
atoms to rearrange so that the number of atoms associated with a
shear transformation event should be increased [55,56].
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Fig. 3. Demonstration of using three linear based ML models to identify the outlier atoms in all thermally activated events of the 10" K/s cooling rate sample. The critical
relative residual threshold for identifying outlier atoms is chosen based on a double slope stopping convergence criterion. The critical slope double stopping criterion is
that we stop the parameter sweep on the relative residual threshold when the two consecutive slopes of the curve (average number of outlier atoms vs relative residual
threshold) are both smaller than a critical value, highlighted in the inset as convergence window. The reason to choose two consecutive slopes is to prevent the fluctuation

of slope values for numerical calculation.
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Fig. 4. The averaged properties of identified outlier atoms over all filtered events of three samples (cooling rates: instant quench, 10'* K/s, 10"'K/s), using relative residual
threshold 0.54 for three linear based ML models. The averaged properties are calculated for the activation process (i.e., from initial state to saddle state).

The statistics of averaged properties (i.e. shear strain, volumet-
ric strain) of identified outlier atoms using three linear based ML
models, for all filtered events of three samples, are shown in Fig. 4.
It is clear that the average shear strain during the activation pro-
cess is around 0.1 for all three samples, closely matching the ex-
pected characteristic shear strain of an STZ usually on the order of
0.1 [1,57]. This 0.1 shear strain also aligns closely with the char-
acteristic shear strain in shear transformation zone theory brought
up by Argon [54]. As stated in Ref [1], the variation in shear strain
quantity can definitely be related to the structural states of the
glass under different thermal cooling rates.

Fig. 4 also suggested that the averaged volumetric strain of the
outlier atoms in STZs is more than one order of magnitude less
than that of shear strain, which further confirms that the nature
of local atomic rearrangement is indeed the shear transformation
in an STZ [16]. The ratio of averaged volumetric strain to averaged
shear strain for three samples was calculated to be the order of
0.1, which aligns with shear transformation theory by Argon [54].
This suggests that the primary mode of deformation is shear de-
formation [16] instead of volumetric expansion/contraction during
the activation process, which aligns with the Johnson-Samwer co-
operative shear model [16,25]. We also calculated the cluster aver-



L. Tian, Y. Fan and L. Li et al./Scripta Materialia 186 (2020) 185-189 189

aged volumetric strain (dilatation) from initial to final process to
be always positive for three samples, which indicates the creation
of extra free volume during the activation of STZs. This extra free
volume will allow the following activation of STZs to be much eas-
ier [58], consistent with the free volume theory and locally coop-
erative shear STZ theory [16,54].

In this study, we first demonstrated and developed a fundamen-
tally distinct, novel, consistent, automated, robust computational
method to identify the flow defect (STZ) in amorphous solids based
on linear machine learning outlier detection algorithms, for resolv-
ing the long-term challenges of measuring STZs in experiments.
LinearRANSAC is the most outlier-sensitive algorithm to accurately
capture true STZ atoms, compared with LinearSVR and regular lin-
ear regression [44]. The average number of atoms in STZs during
activation stage is very close to the results in literature [32] and
also the number proposed by Argon [54]. The averaged shear strain
and volumetric strain values during the activation stage also match
the expected characteristic values of a STZ. The average number of
STZ atoms is found not to be very sensitive to processing thermal
cooling rates and tends to increase slightly with decreasing pro-
cessing cooling rate. Based on the STZ dynamics theory [13], STZ
size is one of the key input parameters that are needed to de-
termine the rate of an STZ activation, linking elementary plastic
events to mesoscopic and continuum plasticity. Therefore, materi-
als with different activation rates of STZs could lead to a differ-
ent cooperative deformation mode in response to thermomechani-
cal loading, facilitating a rational design of metallic glass with en-
hanced ductility. This method is applicable to a wide range of dif-
ferent systems of amorphous solids and has already been imple-
mented in our open source software ART_data_analyzer [44].
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