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SPECIAL TOPIC — Machine learning in condensed matter physics
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The lack of the long-range order in the atomic structure challenges the identification of the structural defects, akin
to dislocations in crystals, which are responsible for predicting plastic events and mechanical failure in metallic glasses
(MGs). Although vast structural indicators have been proposed to identify the structural defects, quantitatively gauging
the correlations between these proposed indicators based on the undeformed configuration and the plasticity of MGs upon
external loads is still lacking. Here, we systematically analyze the ability of these indicators to predict plastic events in a
representative MG model using machine learning method. Moreover, we evaluate the influences of coarse graining method
and medium-range order on the predictive power. We demonstrate that indicators relevant to the low-frequency vibrational
modes reveal the intrinsic structural characteristics of plastic rearrangements. Our work makes an important step towards
quantitative assessments of given indicators, and thereby an effective identification of the structural defects in MGs.

Keywords: metallic glass, structure, plasticity, machine learning

PACS: 71.23.Cq, 61.25.Mv, 81.40.Lm

1. Introduction

Metallic glasses (MGs) exhibit excellent mechanical and
physical properties, which are potential for structural and

functional applications. !~

However, catastrophic failures
can take place in MGs in an unpredictable way due to the
disordered structure,*) which severely hinders the wide appli-
cations of MGs. The plastic response to external mechanical
loads in crystalline solids has already been well understood,
and the fundamental units of plastic deformation are structure
defects, such as dislocations. MGs, however, lack long-range
order and as a result it is difficult to predict where failure will
occur. Therefore, understanding the structural origin of plas-
ticity in MGs has always been a hot topic in the community
of materials science. To understand the mechanism of plastic-
ity, several promising models have been developed in the past
decades, such as the free volume model,[®! the shear trans-
formation zone (STZ) model!®”! and the flow unit model.®!
These models assumed that the plasticity in MGs may origi-
nate from some pre-existing structural defects. Nevertheless,
the precise definitions of these defects still remain elusive.

In recent years, a lot of efforts have been made to
find effective structural parameters as the indicators of plas-
ticity in model MGs. General structural indicators in-
clude local geometrical unfavored motifs (GUMs),”! lo-

(10

cal five-fold symmetry,!!9 participation fraction from low-

frequency vibrational modes,!'!l flexibility volume,'?! vi-
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brational mean-squared displacement,!!3! two-body excess

[13] U4] structural

entropy,''”! machine-learned quench-in softness,
flexibility,!>! and so on. These indicators have been useful
to fully characterize the structural heterogeneity at the atomic
level and partially capture the plastic rearrangements in MGs.
However, there still lacks a standard methodology to quantify
the correlation between the local structural signatures char-
acterized from the configuration prior to deformation and the
subsequent plastic events in realistic MGs until now, although
efforts to achieve this goal have been made in several 2D mod-
els of amorphous solids.1617]

Recent work has stated that such a simple short-range
order parameter as local five-fold symmetry (LFFS) is not a
sound structural fingerprint for plasticity of glasses, because
the spatial autocorrelation length of LFFS is only 1.2 A, much
shorter than the common spatial correlation length that is ap-
proximately 2.2 A.13! It is also demonstrated that only if a
structural descriptor is defined involving atoms beyond the
short-range order (SRO) does it reproduce the feature of com-
mon spatial correlation length in glass. Very recently, a pi-
oneering work revealed that augmenting the SRO structural
features by the medium-range order (MRO) features greatly
enhances the ability to predict plastic events. !4
local density and the short-range order may be short to cap-
[16] Therefore, it is necessary to evaluate

the influence of the MRO features on plasticity.

1 However, the
ture plastic activity.

Machine learning (ML) has recently been shown to be
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a promising way to analyze the correlation between structure
and property in glasses and supercooled liquids.!!%15-18-221
Cubuk et al. firstly used radial density and bond orientation
as structural information to classify atoms that prone to rear-
rangement from stable ones, via ML, on L-J model glasses. 8]
Subsequently, they defined a machine-learned structural pa-
rameter, “softness”, which is well correlated with dynamics in
various disordered systems.'°21 Wang er al. reliably iden-
tify plastic sites in several MG systems by using interstice dis-
tribution as structural representation combined with ML.['4]
Most recently, Fan et al. employed the local pair distribution
function as structural fingerprints and flexibility volume as the
supervisory signal to establish “structural flexibility”, which
is strongly correlated to properties of CuZr metallic glasses
under different conditions. (!

In this work, to reveal the reliability of local structural in-
dicators for predicting plastic events, we use the ML method to
quantify the strength of the correlation between the plasticity
and these structural features computed from the configuration
prior to deformation in a simulated CusgZrsy metallic glass.
We find that different kinds of structural indicators have vari-
ous predictive ability, and among all cases, indicators related
to participation fraction obtained from the quasi-localized soft
vibrational modes have the best correlation with the plastic-
ity. In addition, we also assess the influence of coarse graining
measurement and MRO features on the correlation. Coarse
graining measurement has different effects on the predictive
ability of each indicator. However, when extended to MRO,
almost all structural indicators improve the predictive power,
indicating that the MRO could be important to predict plastic-
ity in MGs.

2. Methodology
2.1. Atomic model of metallic glass

Molecular dynamics (MD) simulation was carried out us-
ing the LAMMPS package.[>3] A prototypical metallic glass
model system CusgZrsy with the embedded atom method
(EAM) potential,> was selected for its superior glass-
forming ability and simple constituents. To prepare the glass
sample, periodic boundary condition was maintained in three
directions, a system with 4000 atoms was first equilibrated at
1200 K for 10 ns and then quenched to 1 K with a cooling rate
of 10'0 K/s, during which the external pressure was adjusted
to zero within the isothermal-isobaric ensemble (NPT). The
temperature was kept at a constant through the Nose—Hoove
thermostat. > Finally, a static relaxation via a conjugate gra-
dient method was applied to bring the system to mechanical
equilibrium at 7 = 0.

2.2. Structural indicators

To systematically investigate the quantitative correlation
between structural descriptors and plasticity in MGs, we con-

sider 13 structural parameters including coordination number
(CN), atomic volume (Vol), local five-fold symmetry (f5), lo-
cal configurational anisotropy (|u|), two-body excess entropy
(S2), atomic inherent structure energy (Eg), atomic pres-
sure (o,,), atomic Von-Mises stress (0y ), atomic bulk mod-
ulus (B), atomic shear modulus (G), participation fraction of
the low-frequency vibrational modes (PF), vibrational mean-
squared displacement (vMSD) and flexibility volume (Vgex)-
The definitions of the above indicators are shown in the Sup-
plementary Material. These structural indicators can be di-
vided into three classes. Class 1 includes CN, Vol, fs, |u| and
S>. These structural indicators are all defined by merely ana-
lyzing the local geometry of atomic environment, and thereby
they are purely structural parameters. Class 2 covers Eis, Oy,
Oy, B and G, which are obtained by calculating the interaction
of the particle with its neighbors. Therefore, both the infor-
mation of interaction potential and the position of particles are
needed. Class 3 contains PF, vMSD and vg.x, Which are based
on the measurement of physical quantities, PF is defined from
analysis of the soft vibrational modes,!'!! calculating vMSD
and Vgey is required to probe the information of vibrational

properties. 1213

2.3. Plastic event locations

The deformation mechanisms in glassy systems are de-
termined by the complicated interplay between thermal acti-
vation and external loading.!*®! To eliminate the temperature-
induced thermal fluctuation, the glass is deformed via athermal
quastistatic shear (AQS). We applied a series of deformation
steps, Ay = 107>, to move the atom positions affinely. After
each deformation increment, the system is relaxed to its me-
chanical equilibrium with conjugate gradient method. Plas-
tic instabilities associated with particle rearrangements corre-
spond to the instantaneous drops in the stress-strain curve. The
shear transformation induced by the plastic event can be cal-
culated by comparing the configurations from just before with
just after the instability. As shown in Fig. 1, a plastic event

occurs at Y, to identify the atoms that have undertaken shear
2

transformation, we calculate the D2 of atom i as!”]

1

Diini = 3 LI (1) —mi(y) —e(r; (y—47)
J

—ri(y—AY)P, 4

where ¢ is the maximum local elastic strain tensor. We define
the plastic activity locations as the positions of 5 atoms that
have the largest D2. . Due to the nature of disorder in MGs,
there is no sharp boundary to identify the positions of plastic
events. Therefore, it is hard to choose the exact threshold to
classify the plastic atoms from non-plastic atoms. We also test
different thresholds as the largest 10, 20 and 50 atoms, and
it shows that the threshold does not affect our results qualita-
tively.
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Fig. 1. The instantaneous fragment of the AQS stress-strain curve, in
which the stress drop indicates the occurrence of a plastic event. The
contour maps of initial and deformed configurations denote the partic-
ipation fraction (PF) field and D2 _field in the slice, respectively. The

min
slice is 3.8 A thick, which corresponds to the first trough of the pair
distribution function of the system.

For disordered systems, it is difficult to precisely define
the location of plastic rearrangements especially when system
approaches the steady state where the plastic events become
increasingly ramified.[?”) However, the plastic rearrangements
occurring at elastic regime are overwhelmingly localized and
their locations can be defined more unambiguously, which is
confirmed by the extreme localization of Drznin at a plastic event
given in Fig. 1. It is shown that the average strain at the first
plasticity is a good indicator for material stability/ductility. ']
In addition, focusing on the first plasticity allows us to avoid
the complexity that the initial structure has different influences
on plasticity at different strains. Therefore, in the present work
we mainly investigate the correlation between the structural
indicators characterized prior to deformation and the first in-
stability.

2.4. Machine learning

Recently, Sun et al. employed the ML method to find
that models developed from different input descriptors have
different abilities to predict the glass forming ability (GFA),
and they concluded that there is a deep and important link be-
tween the liquidus temperature and the GFA.[?®! Inspired by
the above work, we can also quantify the predictive ability of
indicators by feeding each individual feature set to train an ML
model and then evaluating the model prediction efficiency. If
the ML model based on a particular indicator can effectively
classify plastic atoms from non-plastic ones, this indicator will
be viewed as a proper structural parameter to predict plasticity.

The support vector machine (SVM) method?*! is one of
the most popular and powerful ML techniques for data clas-
sification. It solves the classification problem by constructing
a hyperplane to best classify data points from different cat-
egories. Therefore, we use support vector machine (SVM)
method with linear kernel as our ML algorithm to quanti-
tatively assess the predictive capability of structural indica-
tors. The regularization parameter in the SVM method is
set as C = 1. In order to build a proper database for SVM,

we prepared and sheared 200 independent samples. However,
based on our definition of plastic atoms, the non-plastic atoms
(3995 x 200 = 799000 atoms) vastly outnumber the plastic
atoms (5 x 200 = 1000 atoms). To create a balanced dataset,
we randomly undersample the non-plastic atoms so that the
plastic atoms and non-plastic atoms have equal numbers in our
dataset. Then, we perform 5-fold cross-validation (CV) on the
sampled dataset and calculate the average area under the re-
ceiver operating characteristic curve (AUC-ROC) on the test
set as the scoring metric. The test set score is almost equal to
the training set score when we use 1000 plastic and 1000 non-
plastic atoms to construct our dataset. This indicates that there
is no underfitting or overfitting and this dataset is enough for
training and testing.

The ROC curve evaluates the tradeoff between true pos-
itive rate against false positive rate as a function of chosen
threshold.[3% In this work, the AUC-ROC score can be inter-
preted as the probability that a true positive atom (plastic) is
assigned a higher probability to rearrange than a true negative
counterpart (non-plastic). The AUC-ROC value of 0.5 indi-
cates a random chance level, and the value of 1.0 denotes per-
fect classification. The higher the AUC-ROC, the better the
model. The previous studies have shown that the AUC-ROC
is an effective scoring metric in evaluating a classifier to iden-
tify stress or thermal-activated f relaxation events in metallic

glasses.[!431]

3. Results and discussion
3.1. Individual structural indicator

To measure the degree of correlation between the plas-
tic activity and the different local structural parameters, we
employ the same datasets and CV splits, and feed each in-
dividual structural indicator as input feature to train a corre-
sponding ML model, the AUC-ROC is used as the score to
estimate the structural descriptor’s predictive ability for each
training. Here, we use 13 local structural features as men-
tioned above, and the predictive power for each structural pa-
rameter is shown in Fig. 2. The result shows that the model
prediction accuracies differ largely for different input descrip-
tors. Among all structural indicators, f5, PF, vMSD and Dgex
have better predictive capability than others. Moreover, we
notice that PF served as the most superior descriptor in pre-
dicting plasticity events. The ROC curve of the ML model
fitted from PF can be seen in Fig. S1. This observation corrob-
orates the previous understanding that the low-frequency ex-
citations correlate strongly with the location of plasticity of a

11321 apd it is also

system upon external mechanical loading,|
in excellent agreement with the result that the highly local-
ized rearrangements occurring at the plastic instability orig-
inate from the region with large PF in the undeformed con-

figuration as shown in Fig. 1. The vMSD is calculated from
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dynamically probing the vibrational degree of freedom, thus
reflecting the curvature of the local minimum of the potential
energy landscape (PEL).[!3] The local vMSD is similar to the
local Debye—Waller factor used to probe dynamic heterogene-
ity of glass-forming liquids.[>*=331 Therefore, it makes sense
that vMSD can serve as a good structural signature of plastic-
ity. Surprisingly, the vgex comprising both static atomic vol-
ume and dynamic information via vMSD, scores similarly to
vMSD. It indicates that for Vgex, the VMSD part dominates the
predictive power for plasticity, which is well consistent with
the observation that vMSD and vgex have similar correlation
with activation energy underlying plastic rearrangements. [!3]
A majority of structural indicators from class 1 preform badly,
as colored in red in Fig. 2, with one important exception:
the local five-fold symmetry, f5. It even performs as well as
structural descriptors defined by more complicated methods
such as vMSD and vgex. The indicator f5 highlights the five-
fold bonds of Voronoi polyhedron. It is demonstrated that in
metallic glasses, plastic rearrangements have a high propen-
sity to be initiated in regions containing more geometrically
unfavored motifs (GUMSs)[®!!l or lower degree of local five-
fold symmetry.!!% This result underlines the important role of
the particular short-range order in influencing the initiation of
plasticity.

0.81

AUC—-ROC
o
S

0-
Oéqo\ Ko \,\y\ S Q)\%o& 64 D OQ(ég\%QQ&\&
Q

Fig. 2. Prediction accuracy of various structural indictors. Indicators from
classes 1, 2, 3 are colored in red, green and blue, respectively. It shows
that participation fraction (PF) scores highest at predicting plasticity.

3.2. The coarse graining effects

Several studies demonstrated that a spatial coarse grain-
ing of initial structural indicators over a characteristic length
yields better correlation with dynamics than bare structural
fields.[3%37] Therefore, it is necessary to investigate the effect
of coarse graining on the predictive ability of different indica-
tors. The coarse graining of structural parameter X for particle
i is calculated by averaging over all particles within a length
L:

%)= [LxP(r=ml) /L P(r=m)] @

In this work, we use three forms of coarse graining cores
as P(x) = 1, P(x) = exp[—x/L] and P (x) = exp[—(x/L)*],
L =13.8 A, corresponding to the position of the first trough of

radial distribution function of the system. Figure 3 shows the
predictive power for these three kinds of procedure of coarse
graining compared with the bare structural parameters. The
method of coarse graining greatly influences the predictive ef-
ficiency of almost all structural descriptors. Overall, the dif-
ferent ways of coarse graining have the same effect on results.
After coarse graining, the predictive ability increases for most
structural quantities from class 1, except for atomic volume.
This can be rationalized by the finding that these structural
fields behave sharp local fluctuation, therefore, it is neces-
sary to smooth the structural field by coarse graining to pre-
dict the loci of a plastic instability. On the other hand, the
prediction scores of the coarse graining of those indicators
as PF, vMSD and vgex from class 3 decrease. A direct con-
sequence is the extreme heterogeneity of these structural de-
scriptors. For the first instability, the plastic rearrangements
are overwhelmingly localized, the coarse graining measure-
ment of local structure undermines the structural heterogene-
ity of the system, thus cannot well predict the heterogeneous
plastic response of atoms. This result is reminiscent of the ob-
servation that the localized fast 8 process of glassy liquids is
controlled by the instantaneous order parameter field locally
rather than the coarse-grained one.>®!

mm without coarse-graining
. P(z)=1

0.84 ™= P(z) =exp[—z/L]
== P(z) = exp[—(z/L)?]

0.4 4

AUC—-ROC

S @ \0\ ERAT M I O Q\%Q o
X

Fig. 3. Comparison of prediction accuracy between bare structural in-
dicators and the corresponding three kinds of coarse-grained ones.

3.3. The medium range features

Although MRO has long been considered to be essential
to influence glass properties, *33°1 however, the degree of or-
der in the medium range is difficult to decipher. Following
the method proposed in the recent work of Wang et al.,['*l we
can extend SRO feature (bare structural feature) to MRO by
calculating statistics (mean, min, max, and std) across neigh-
bors of the central atom. The SRO and MRO features are then
concatenated as a representation of the structural characteris-
tics around each atom. This allows for accessing the structural
features of the second neighbor, which provides more informa-
tion to encode the structural heterogeneity and is crucial to de-
termine the dynamics of glassy systems. After this procedure,
each atom is represented by 5 structural features, but it is diffi-
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cult to establish correlation between multi-structures and plas-
ticity by traditional methods. However, the SVM is efficient
to process the multidimensional features. As shown in Fig. 4,
when augmented by MRO features, most SRO features have
greatly improved the predictive power. Surprisingly, the pre-
diction score of PF augmented by the MRO increases, which is
totally different from PF with the coarse graining procedure.
As a whole, indictors augmented by the MRO perform bet-
ter than coarse grained ones. This evidences that the struc-
ture defined over the medium range could be more important

in determining properties of MGs, as discussed in previous

studies. [13:40]
o | == SRO

: = SRO+MRO
&)
Q
il
O 0.4 1
5
=

0 J

S W PTG QQ@%Q NG
R\

Fig. 4. Comparison of prediction accuracy between bare structural in-
dicators (SRO) and the SRO augmented by the MRO (SRO+MRO).

3.4. Pair of structural indicators

One might ask whether prediction accuracy improves if
we use a pair of structural descriptors. To uncover this con-
jecture, we set the combination of any two descriptors as input
structural features, thus obtaining 78 pairs. As we can see from
Fig. 5(a), among all kinds of pairs, the input features contain-
ing PF perform much better. It is mostly due to the excellent
predictive power of PF. The SVM method processes data in
a complex way that we are not able to understand the results
directly, especially when dealing with multidimensional data
sets. Here, we only stress that the combination of vMSD and
PF together yield the best SVM model. To illustrate the effect
of the combination of structural indicators on the prediction,
we calculate the difference of prediction score between the
pair and the indicator performing better among the pair. As
shown in Fig. 5(b), for most pairs of structural descriptors, the
score has a negligible increase or remains no change. The fact
that the prediction score does not improve much implies that
each structural descriptor of the combination is highly corre-
lated so that little information is added even though both pa-
rameters are considered. This is an example of a classic prob-
lem that arises in ML when there are physical correlations in
the set of input features.

(a)

Vflex
vMSD
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Cﬁl 4<;\ Ko \v;)-\ é{‘é‘% 65 6% ?) ('BQQ e

<
N 0.10
vMSD 1
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G 4
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Om { 0
Ers .
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|l —0.05

fs1 e
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O%QO\’ 9\(0\4\)‘\ %{LQ)\% 6% 6 % C’QQ (‘OQ.\)K\@*

Ry

0.05

—0.10

Fig. 5. (a) Prediction accuracy of the combination of any two structural
indicators. It shows that the combination of participation fraction (PF)
and vibrational mean-squared displacement (vMSD) scores highest at
predicting plasticity. (b) The difference of prediction score between the
pair and the indicator performing better among the pair.

3.5. Linking softness to plasticity

After evaluating the influence of different methods on the
prediction score of various indicators, we can conclude that
for all cases considered, PF or PF involved quantity outper-
forms all other kinds of indicators. Moreover, the best score is
achieved by the combination of PF and vMSD (detailed data
of the highest prediction scores for each procedure is list in Ta-
ble S1). As depicted in Fig. 6(a), the local structure around a
central atom is embedded into a two-dimensional feature space
(combination of PF and vMSD), a hyperplane (SVM model)
that separates plastic atoms from non-plastic ones can be es-
tablished. Therefore, we can define a new structural quantity
called “softness”, by calculating the distance of atom’s po-
sition in the structural feature space to the hyperplane. The
larger the softness S, the more likely an atom to be plastic.
As the combination of PF and vMSD highly predicts plastic-
ity, the corresponding softness will strongly correlate with the
plastic rearrangements. To investigate the underlying softness-
plasticity correlation, we further show the spatial extent of
softness and Dfnin by quantifying the normalized spatial cor-
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relation function

Ay — 2
c=(Er0sr() = TR = o

where P denotes a physical property as S or Drznin' Fig-

ure 6(b) shows the exponential decay of (85(0)0S(r)) and
(8D2. (0)86D2. (r)) with r. We fit the correlation func-
tions by C(r) = Ae"/%, where & is defined as the correla-
tion length. It shows that & (= 2.19 A) is comparable to
&p (=~ 2.31 A), indicating that the characteristic size of lo-
calized rearrangements in the system is encoded in the size of
spatial correlation of softness. This length scale is commensu-
rate with structural correlation lengths previously identified in

glassy systems. [!3-20]

(a) vMSD

‘ . plastic
PF
(b) :\\ « softness
~
\’“\\\‘ 'Dr2ni11
RN
o TSN
5 N
| &=219A NN
10701 e =231 A AN
D=2. N
e N ~.
\\
\\

Fig. 6. (a) A schematic showing how the local structure of an atom
is represented by PF and vMSD. We can find a hyperplane separating
plastic atoms from non-plastic ones by SVM. Once the hyperplane is
established, we define the softness S as the distance of atom embed-
ded into two-dimensional feature space to the hyperplane. (b) The spa-
tial correlation functions for softness (red) and rearrangements (blue).
The dashed lines are fits to Ae ™"/ with Es ~2.19 A for softness and
Ae "/ with Ep ~ 2.31 A for rearrangements.

4. Conclusion

Previous studies have demonstrated that initial configura-
tion has a substantial impact on where and how a glassy ma-
terial fails under shear.!'*1617] I this work, we use the ma-
chine learning method to study how the structural indicators
evaluated before deformation, correlate with the plastic rear-
rangements that occur at the first plastic instability. We find
that structural indicators containing information of participa-
tion fraction give more predictive ability for plasticity. In addi-
tion, coarse graining measurement has different influences on
prediction of structural indicators. When extended to MRO,
however, most structural parameters improve the prediction.
Moreover, the highest prediction score can be achieved by the
combination of PF and vMSD. Our results stated above illus-
trate that plastic rearrangements in MGs are deeply encoded

in the structure. This work makes an important step to quanti-
tatively compare different features of local structure based on
their ability to predict plastic activity.

Acknowledgements

Insightful discussions with the members of Beijing
Metallic Glass Club are highly acknowledged. We also ac-
knowledge the computational support from Beijing Computa-
tional Science Research Center (CSRC).

References

[1] Telford M 2004 Mater. Today 7 36
[2] Wang W H, Dong C and Shek C H 2004 Mater. Sci. Eng. R: Rep. 44 45
[31 Wang W H 2009 Adv. Mater. 21 4524
[4] Schuh C A, Hufnagel T C and Ramamurty U 2007 Acta Mater. 55 4067
[5] Spaepen F 1977 Acta Metall. 25 407
[6] Argon A 1979 Acta Metall. 27 47
[7] Falk M L and Langer J S 1998 Phys. Rev. E 57 7192
[8] Wang Z and Wang W H 2019 Natl. Sci. Rev. 6 304
[9] MaE 2015 Nat. Mater. 14 547
[10] Peng HL, Li M Z and Wang W H 2011 Phys. Rev. Lett. 106 135503
[11] DingJ, Patinet S, Falk M L, Cheng Y and Ma E 2014 Proc. Natl. Acad.
Sci. USA 111 14052
[12] DinglJ, Cheng Y Q, Sheng H, Asta M, Ritchie R O and Ma E 2016 Nat.
Commun. 7 13733
[13] Wei D, Yang J, Jiang M Q, Wei B C, Wang Y J and Dai L H 2019 Phys.
Rev. B99 014115
[14] Wang Q and Jain A 2019 Nat. Commun. 10 5537
[15] FanZ, Ding J and Ma E 2020 Mater. Today 40 48
[16] Patinet S, Vandembroucq D and Falk M L 2016 Phys. Rev. Lett. 117
045501
[17] Richard D, Ozawa M, Patinet S, Stanifer E, Shang B, Ridout S A, Xu
B, Zhang G, Morse P K, Barrat J-L, Berthier L, Falk M L, Guan P, Liu
A J, Martens K, Sastry S, Vandembroucq D, Lerner E and Manning M
L 2020 Phys. Rev. Mater. 4 113609
[18] Cubuk E D, Schoenholz S S, Rieser ] M, Malone B D, Rottler J, Durian
D J, Kaxiras E and Liu A J 2015 Phys. Rev. Lett. 114 108001
[19] Schoenholz S S, Cubuk E D, Sussman D M, Kaxiras E and Liu A J
2016 Nat. Phys. 12 469
[20] Cubuk E D, Ivancic RJ S, Schoenholz S S et al. 2017 Science 358 1033
[21] Schoenholz S S, Cubuk E D, Kaxiras E and Liu A J 2017 Proc. Natl.
Acad. Sci. USA 114 263
[22] Sussman D M, Schoenholz S S, Cubuk E D and Liu A J 2017 Proc.
Natl. Acad. Sci. USA 114 10601
[23] Plimpton S 1995 J. Comput. Phys. 117 1
[24] Cheng Y, Ma E and Sheng H W 2009 Phys. Rev. Lett. 102 245501
[25] Nosé S 1984 J. Chem. Phys. 81 511
[26] Rodney D, Tanguy A and Vandembroucq D 2011 Model. Simul. Mat.
Sci. Eng. 19 083001
[27] Maloney C and Lemaitre A 2004 Phys. Rev. Lett. 93 016001
[28] SunY T, Bai HY, Li M Z and Wang W H 2017 J. Phys. Chem. Lett. 8
3434
[29] Chang C C and Lin C J 2011 ACM Trans. Intell. Syst. Technol. 2 27
[30] Fawcett T 2006 Pattern Recognit. Lett. 27 861
[31] Wang Q, Ding J, Zhang L, Podryabinkin E, Shapeev A and Ma E 2020
npj Comput. Mater. 6 194
[32] Manning M and Liu A 2011 Phys. Rev. Lett. 107 108302
[33] Widmer-Cooper A, Harrowell P and Fynewever H 2004 Phys. Rev. Lett.
93 135701
[34] Widmer-Cooper A and Harrowell P 2006 Phys. Rev. Lett. 96 185701
[35] Widmer-Cooper A and Harrowell P 2006 J. Non-Cryst. Solids 352 5098
[36] Tong H and Tanaka H 2018 Phys. Rev. X 8 011041
[37] Tong H and Tanaka H 2019 Nat. Commun. 10 5596
[38] Sheng H, Luo W, Alamgir F, Bai J and Ma E 2006 Nature 439 419
[39] Lee M, Lee CM, Lee KR, MaE and Lee J C 2011 Acta Mater. 59 159
[40] Wang B, Luo L, Guo E, Su Y, Wang M, Ritchie R O, Dong F, Wang L,
Guo J and Fu H 2018 npj Comput. Mater. 4 41

057103-6


https://www.sciencedirect.com/science/article/pii/S1369702104001245
http://dx.doi.org/10.1016/j.mser.2004.03.001
https://onlinelibrary.wiley.com/doi/abs/10.1002/adma.200901053
http://dx.doi.org/10.1016/j.actamat.2007.01.052
http://dx.doi.org/10.1016/0001-6160(77)90232-2
http://dx.doi.org/10.1016/0001-6160(79)90055-5
http://dx.doi.org/10.1103/PhysRevE.57.7192
http://dx.doi.org/10.1093/nsr/nwy084
http://dx.doi.org/10.1038/nmat4300
http://dx.doi.org/10.1103/PhysRevLett.106.135503
http://dx.doi.org/10.1073/pnas.1412095111
http://dx.doi.org/10.1073/pnas.1412095111
http://dx.doi.org/10.1038/ncomms13733
http://dx.doi.org/10.1038/ncomms13733
http://dx.doi.org/10.1103/PhysRevB.99.014115
http://dx.doi.org/10.1103/PhysRevB.99.014115
http://dx.doi.org/10.1038/s41467-019-13511-9
http://dx.doi.org/10.1016/j.mattod.2020.05.021
http://dx.doi.org/10.1103/PhysRevLett.117.045501
http://dx.doi.org/10.1103/PhysRevLett.117.045501
http://dx.doi.org/10.1103/PhysRevMaterials.4.113609
http://dx.doi.org/10.1103/PhysRevLett.114.108001
http://dx.doi.org/10.1038/nphys3644
http://dx.doi.org/10.1126/science.aai8830
http://dx.doi.org/10.1073/pnas.1610204114
http://dx.doi.org/10.1073/pnas.1610204114
http://dx.doi.org/10.1073/pnas.1703927114
http://dx.doi.org/10.1073/pnas.1703927114
http://dx.doi.org/10.1006/jcph.1995.1039
http://dx.doi.org/10.1103/PhysRevLett.102.245501
http://dx.doi.org/10.1063/1.447334
http://dx.doi.org/10.1088/0965-0393/19/8/083001
http://dx.doi.org/10.1088/0965-0393/19/8/083001
http://dx.doi.org/10.1103/PhysRevLett.93.016001
http://dx.doi.org/10.1021/acs.jpclett.7b01046
http://dx.doi.org/10.1021/acs.jpclett.7b01046
http://dx.doi.org/10.1145/1961189.1961199
http://dx.doi.org/10.1016/j.patrec.2005.10.010
http://dx.doi.org/10.1038/s41524-020-00467-4
http://dx.doi.org/10.1038/s41524-020-00467-4
http://dx.doi.org/10.1103/PhysRevLett.107.108302
http://dx.doi.org/10.1103/PhysRevLett.93.135701
http://dx.doi.org/10.1103/PhysRevLett.93.135701
http://dx.doi.org/10.1103/PhysRevLett.96.185701
http://dx.doi.org/10.1016/j.jnoncrysol.2006.01.136
http://dx.doi.org/10.1103/PhysRevX.8.011041
http://dx.doi.org/10.1038/s41467-019-13606-3
http://dx.doi.org/10.1038/nature04421
http://dx.doi.org/10.1016/j.actamat.2010.09.020
http://dx.doi.org/10.1038/s41524-018-0097-4

	1. Introduction
	2. Methodology
	2.1. Atomic model of metallic glass
	2.2. Structural indicators
	2.3. Plastic event locations
	2.4. Machine learning

	3. Results and discussion
	3.1. Individual structural indicator
	3.2. The coarse graining effects
	3.3. The medium range features
	3.4. Pair of structural indicators
	3.5. Linking softness to plasticity

	4. Conclusion
	References

