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a b s t r a c t

Due to lack of either translational or rotational symmetries at atomic-scale, predicting properties
of amorphous materials from static structure is a challenging task. To circumvent the dilemma, a
supervised machine-learning strategy via neural network is proposed to predict the atomic stiffness
of metallic glass from discretized radial distribution function. The predicted stiffness and its spatial
nature are calibrated with molecular dynamics simulations. After which, the origin of atomic constraint
is interpreted via the learning structural input. Inadequacy of the model is discussed in terms of
incompleteness in both machine-learning configurational space and structural descriptor.

© 2021 Elsevier Ltd. All rights reserved.
1. Introduction

As a most prevailed paradigm, ‘‘structure determines prop-
rty’’ has been widely accepted to interpret a material’s property
n light of structural feature [1,2]. In crystals, dynamics of ver-
atile defects—dislocation, point defect, phase and grain bound-
ry, etc.—can be quantitatively associated with the mechanical
esponses [3]. However, it is still quite a challenging task to
uplicate such a success in amorphous materials, attributing to
he lack of periodicity in atomic arrangement [4–6]. The difficulty
ies in the fact that there is no intuitive descriptor, in analogy to
rillouin zone in crystals, which is capable of compressing all the
tructural information, to the maximum extent, into a physics-
otivated quantity [7]. Burger’s vector of dislocation constitutes
nother prominent representative of this type.
During the past decades, extensive researches have been de-

oted to relate structural features with deformation of amor-
hous materials [8–11]. These structural indicators can be cat-
gorized into two groups, i.e., the pure structural ones, and the
hermodynamic ones. The formers include coordination num-
er, atomic volume, Voronoi index [12,13], local five-fold sym-
etry [14,15], two-body entropy [16–18], inversion symmetry
reaking [19], and orientational order [20], etc. Then an extended
otion of structural signatures with proper thermodynamic in-
ut, e.g., soft modes [21,22], vibrational mean-squared displace-
ent [23], flexibility volume [24], local yielding stress [25], and

ocal thermal energy [26] are proposed to forecast particle re-
rrangement in disordered media. However, these parameters
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cannot be obtained without the knowledge of inter-particle in-
teractions. Therefore, any function of amorphous material is em-
bedded in the static structures, if one does not be bothered by the
complexity of a structural feature [7,27]. Consequently, the open
question is how to construct an explicit or hidden law, to connect
the disordered structure to property of glasses.

This mission has been pioneered in a set of endeavors to con-
nect atomic position to athermal plastic excitation in amorphous
solids, via multiple machine learning (ML) strategies [28–32]. The
capacity of artificial intelligence in containing all necessary struc-
tural information provides a promising blue print to construct a
physically relevant structure–property relationship in amorphous
materials [33–37].

Inspired by these ML strategies, we settle an intricate yet
important issue in metallic glass (MG), i.e., predicting the atomic-
scale stiffness (rigidity), or atomic constraint, which is closely
related to a wide range of elasto-plastic deformation mecha-
nisms [9] and the glass transition [38]. A supervised ML protocol
via neural network greatly simplifies and facilitates prediction
from only the radial distribution function (RDF) of a central atom
truncated at different distances as structural input features.

2. Atomistic simulations and machine learning protocol

The supervisory signal—atomic-scale stiffness K—is defined as
response of an atom’s position to thermal fluctuation:

Ki ≡
kBT⟨

|∆ri (τ )|2
⟩ . (1)

Here
⟨
|∆ri (τ )|2

⟩
is the vibrational mean-squared displacement

of the ith atom throughout the duration (τ = 100 ps) of a
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Fig. 1. Distribution of the particle-level viscosity for the 10% atoms with the
highest and lowest stiffness in Cu50Zr50 . Stiffer atoms present larger viscosity
nd vice versa.

ouple of phonon lifetimes at temperature, T . kB is the Boltzmann
onstant and kBT is thermal energy. Ki can be understood as
particle-level spring constant (or elastic modulus) account-

ng for the cage effect of atoms in glassy environment [38].
he atomic stiffness is closely associated with the propensity of
hear transformations as described in Johnson’s cooperative shear
odel [39]. Fig. 1 illustrates the distribution of atomic viscosity

or the 10% atoms with the highest and lowest stiffness, respec-
ively, in a Cu50Zr50 MG. Stiffer atoms are more viscous that are
igid against thermal fluctuation, and vice versa. In other words,
he atomic stiffness distinguishes liquid-like atoms from those in
he solid-like elastic matrix. Less stiff atoms are therefore more
usceptible to shear instability, and could serve as precursors for
hear transformations.
We start with ten independent Cu50Zr50 MG samples, each

ontains 19,652 atoms with dimensions of ∼70 × 70 × 70 Å3.
hey are quenched from equilibrium liquid with constant cooling
ate of 1010 K/s. The molecular dynamics (MD) is conducted with
AMMPS [40]. An embedded-atom-method potential is utilized
s force field [41]. NPT ensemble is enabled with Parrinello–
ahman barostat [42] and Nosé–Hoover thermostat [43]. Periodic
oundary conditions are imposed to all directions. The atomic
tiffness Ki is calculated as the mean value of the cases from 50 to
00 K with step of 50 K. Activation–relaxation technique nouveau
ARTn) samples the activation energies of local structural excita-
ions [44–46]. For statistical purpose, each atom is activated for
0 times to estimate an average activation energy of viscosity.
The structural descriptor for ML—single-particle RDF is formu-

ated as

i(r) =
1

4πr2ρ∆r

N∑
j=1

δ(r − rij), (2)

where ρ = N/V is the number density, with N = 19652 and V
volume of the simulation box. The summation goes in a shell of
thickness ∆r = 0.2 Å with a distance r from the central atom. r
is set from 2 to 10 Å with an increment step of 0.2 Å. Such setting
guarantees inclusion of the first four shells of RDF, as shown in
Fig. 2. The distance is believed to have included full structural
environment [27]. Altogether, we obtain 40 structural features as
inputs for ML.

Fig. 2 sketches the ML architecture. Artificial neural network
is employed to figure out a certain pattern of atomic stiffness via
2

training. Specifically, we choose discretized RDFs as inputs, based
on which to establish a quantitative predictive model for local
stiffness. The internal parameters of the ML framework are initial-
ized with the normalized initialization process. During training
procedure, these parameters are optimized by minimizing the
loss function. Specifically, we consider the mean squared error
(MSE) as the loss function used in the present work. Here, MSE =
1
N

∑N
i=1

(
Kpre − Kreal

)2, where Kpre and Kreal denote predicted and
eal atomic stiffness, respectively. Rectified linear unit (RELU) is
sed as the activation functions. Here RELU is defined as:

(x) =

{
x, if x > 0
0, if x ≤ 0,

(3)

where f (x) and x denote the output and input of a specific unit.
We have also tested other activation functions, like sigmoid func-
tion as well as tanh function. The result is shown in Fig. S1, which
implies that the quality of our ML model is almost insensitive to
activation function. Therefore, we chose RELU which presents the
simplest form.

The next task is to determine the optimal number of hidden
layers and the amount of nodes in each layer. Here, a five-fold
cross validation is conducted, on the basis of which, we tested
different ML frameworks with various combinations of hidden
layers and nodes. The result is shown in Fig. S2 and Table S1. It
indicates that one hidden layer framework can definitely achieve
excellent predicting capacity and the increment of hidden layers
will not dramatically improve the predicting power anymore, but
makes the model more complex instead. Besides, the best net-
work which produces the lowest mean-squared error, will arise
if we set 200 units in the hidden layer. Therefore, we constructed
a optimal ML model with three layers composed, leading to a 40–
200–1 architecture, see Fig. 2. Then, during the training process,
as we have totally 10 samples, the first nine are used as training
sets, and the remaining one is used as testing set.

3. Results and discussion

To evaluate the predictive power, the predicted stiffness Kpre
is plotted versus the real value (from direction MD simulations)
Kreal in Fig. 3, for both the training and testing set. A strong
correlation exists between Kpre and Kreal after coarse-graining
with bin size of 100 atoms. The raw data are also shown by the
number density. All the coarse-grained data points of stiffness are
evenly distributed alone the black line, y = x. It is intriguing to
see that the agreement in the testing set. With purely static RDF
as input, the neural network model enables precise prediction of
atomic stiffness, which is comparable to MD. It should be noted
that the error is larger at single atomic level when compared with
the coarse-grained case. Our explanation to such weak correlation
at atomic level is that the intimate correlation between structure
and property in amorphous solids is not controlled by the first
shell of RDF [27], but rather the materials genome is embedded
in several shells of RDF via spatial correlation, implying a non-
local scenario of structure–property relationship in amorphous
materials [47]. Besides, it has been observed that the prediction
is overestimated for large stiffness and underestimated for the
low end. This is possibly caused by (1) numerical coarse graining
procedure, or (2) The lack of enough extreme situations in the
training set, or a combination of (1) and (2).

The machine-learned stiffness can then be transferred to in-
form other physical properties. First, it is reasonable to assume
correlation between Kpre and atomic viscosity, η. The latter can
be estimated through:

ηi = η0 exp
(

⟨∆Qi⟩
)

. (4)

kBT
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Fig. 2. Framework of the neural network model. Three layers are composed as a network with a 40–200–1 structure: discretized RDF as input, 200 nodes contented
n the hidden layer to capture more hidden information, and eventually predicted stiffness of atoms sorted by their magnitude in the output layer. Insets in the first
ayer show the total RDF and the disordered atomic structure of a glass sample.
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Fig. 3. The machine-learned stiffness Kpre as a function of the real value in
he (a) training and (b) testing set, respectively. The background color denotes
umber density. The scattered data are the numerically coarse-grained stiffness
ith bin size of 100 atoms. The black lines represent prefect prediction, Kpre =

real . (For interpretation of the references to color in this figure legend, the
eader is referred to the web version of this article.)

ere η0 = 1.0 × 10−4 Pa s denotes the high-temperature limit
iscosity. ⟨∆Qi⟩ is the average activation energy of viscous flow
xplored by ARTn. The correlation between Kpre and η is shown in
ig. 4, where Fig. 4a and b display the raw data and the numerical
oarse-grained ones with bin size of 100 atoms, respectively. Vis-
osity increases exponentially with increasing Kpre. It is a strong
vidence that viscosity arises from atomic-scale constraint which
s in turn totally accommodated by static structure. Up to now,
he rule from structure to rigidity remains black-box information.
owever, we have an opportunity to uncover the structural origin
f constraint by examining the input RDF. In Fig. 4c, we plot the
3

RDF of the 10% atoms of the highest and lowest Kpre and Kreal, re-
spectively. The overlap between the scattered points and the solid
lines indicates ML has achieved high predictive accuracy. Fur-
thermore, stiffer atoms present RDF of solid-like (glassy) features,
i.e., higher first peak and split in the second peak. Meanwhile, the
first peak of lower-K atoms moves to shorter distance denoting
shrinkage upon glass-to-liquid transition. This demonstrates an
opportunity of interpretable ML scheme if the input feature has
specific physical meaning.

The ML model is applicable to a wide of disordered con-
figurations. In Fig. 4d we vary the cooling rates from 109 K/s
o 1013 K/s to prepare several more testing sets. Even though
he data of different cooling rates does not collapse to Kpre =

real, the relative value of the stiffness can be figured out in
orrect order. It means that the dynamical heterogeneity can
e distinguished from only RDF. However, we must point out
hat the rule learned from a specific configurational space—1010

/s in the present case—cannot be extended universally to other
ooling conditions. The learning rule overestimates the stiffness
f fast-quenched samples, and underestimates the slow-cooled
nes. In other words, the topology of a fragment of potential
nergy landscape (PEL) is cooling rate dependent, and thus, the
idden rule from structure to constraint is variant upon variation
n cooling protocol. Consequently, a better ML model with greater
redictive power which is invariant to thermal conditions can
e reached by broadening the learning space of glass and liquid
onfigurations.
Finally, the spatial nature of atomic constraint can be informed

rom ML. In Fig. 5, we compare the pattern of ML Kpre with that
f real stiffness. Since the structure-dynamics correlation is of
onlocal feature, the stiffness have been spatially coarse-grained
ith dimension of 6 Å (corresponds to the second valley in RDF),
hich produces optimal correlation. ML yields almost perfect
atch between Kpre and Kreal. In terms of the spatial distribu-

ion of the well-defined atomic stiffness, the liquid-like regions,
.e. these characterized by low atomic stiffness, can be isolated
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Fig. 4. Characteristics of the machine-learned stiffness. (a)–(b) Viscosity as a function Kpre in terms of (a) density map of the raw data and (b) that after coarse
graining with bin size of 100 atoms. (c) RDFs of atoms with the 10% highest and 10% lowest Kpre , in comparison with those of Kreal . (d) Kpre versus Kreal at different
cooling rates.
Fig. 5. Spatial nature of the predicted atomic stiffness (a) in comparison with
he real value (b). The atoms are colored according to the magnitude of the
patially coarse-grained stiffness (with 6 Å). The shown slice is of 4 Å thickness.
For interpretation of the references to color in this figure legend, the reader is
eferred to the web version of this article.)

r percolated [48]. Such structural and dynamic heterogeneity of
anometer scale is also in agreement with the reports in litera-
ure [49]. Here percolated soft zones will undertake accumulation
f small avalanches and thus induce percolation of shear trans-
ormations, which eventually leads to homogeneous deformation
f metallic glass. In contrast, the isolated modes correspond to
he crack-like propagation of plastic deformation which is stress
ominated. As a result, severally deformed regions accumulated
n narrow regions, causing the formation of shear band in the
irection of the maximum shear stress [50,51]. As the Kpre is actu-
lly the output of static structure, here we further relate structure
nd plastic deformation in metallic glass. It should be noted that
he absolute magnitudes of Kpre and Kreal are not identical to each
other. This again demonstrates the inadequacy of the present
model—narrow glass configurational space of learning and over-
simplified 1D RDF cannot include all topologies in 3D. Moreover,
it is of note that the atomic stiffness measured in this work
falls in a couple of phonon lifetimes, further research involving
4

long timescale simulations is therefore needed to figure out the
connection between local stiffness and diffusive and displacive
deformation behaviors of amorphous materials [52,53].

4. Conclusions

In sum, we highlight the importance of artificial intelligence
in addressing the intractable prediction of atomic-scale stiffness
in metallic glass. A neural network protocol is designed to enable
prediction with only atom position correlation (RDF) as structural
descriptor. The trained model predicts accurate magnitude of
stiffness besides spatial information—the dynamic and structural
heterogeneity of nanometer scale—both are of critical signifi-
cance to amorphous materials. Since RDF is the only input, the
model is interpretable, providing a further window to correlate
thermodynamic constraint and dynamic viscosity with atomic
structure. However, we also note that the present ML model
is inadequate due to the lack of full 3D positional information
spanning over all disordered space. Inclusion of other physics-
motivated thermodynamic and dynamic features might further
improve the performance of the ML models.
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