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Figure 1 (Color online) The diagram of linear support vector machine
(LSVM) uses a hyperplane to divide two kinds of samples and
maximize the interval, where the symbols “@” and “A” represent two
different types of data samples, respectively. The black solid line
represents the SVM classification hyperplane. Except the misclassified
data, the nearest to the SVM hyperplane is called the support vector, and
the distance between the two support vectors perpendicular to the
hyperplane is called the margin width.
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Figure 2 Schematic diagrams of artificial neural network, including input layer, output layer and hidden layer. (a) A simple artificial neural network
with a hidden layer; (b) depth artificial neural network containing multiple hidden layers (reprinted with permission from ref. [32]).
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Figure 3 (Color online) Probability that a particle of a given D;in
value is soft. (a) The result of the two-dimensional pillar system, D;in is

reduced by dZA, where d,, refers to the large grain diameter; (b) the

classification results of the two-dimensional L-J system at 7= 0.1, 0.2,
0.3, and 0.4; (c), (d) results for species A and B, respectively, for the 3-

dimensional L-J system at 7=0.4, 0.5 and 0.6; (b)—(d), D:ﬂn is reduced

by (TjA, where o, is the equilibrium distance between the two A atoms
in the L-J potential (reprinted with permission from ref. [39]).
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Figure 4 (Color online) The basic process of predicting glass formation ability by support vector machine algorithm, includes database
establishment, SVM model training, model evaluation and model prediction (reprinted with permission from ref. [51]).
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Figure 6 (Color online) The best SVM model predicts glass formation
ability Pgga. From blue to red, glass formation ability becomes better in
turn. Pgpa>0 indicates good glass formation ability (reprinted with
permission from ref. [51]).
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Figure 7 (Color online) The trigonometric diagram shows the change
of Young’s modulus £ with the composition. (a) Results from high-
throughput molecular dynamics simulations; (b) results from artificial
neural network (ANN) predictions; (c) comparison between the results
predicted by the ANN model and the results of high-throughput
computational simulations; (d) comparison of molecular dynamics
simulation values, experimental values, and ANN model prediction
values (reprinted with permission from ref. [56]).
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Application of machine learning approach in disordered
materials
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As a new amorphous material, metallic glass has been widely studied because of its excellent mechanical, physical and
chemical properties. Glass-forming ability has always been an important problem restricting the development of
amorphous materials. In order to design amorphous materials with good glass-forming ability, a lot of research has been
done on the glass-forming ability of amorphous materials. It has been shown that a single factor cannot describe glass-
forming ability of amorphous materials. Because of the complex and disordered structure of amorphous materials, it is
difficult to understand the structure and nature of amorphous materials comprehensively and clearly by traditional
methods. Machine learning method, as a new research paradigm, provides new opportunities for exploring these
bottleneck scientific issues in disordered materials. In this paper, some machine learning algorithms, such as support
vector machine, artificial neural network and K-means clustering, are briefly introduced. Moreover, we briefly review the
application of machine learning approach in amorphous materials, including the classification of amorphous structure,
the correlation between amorphous structure and properties, and the prediction of macroscopic properties of amorphous
materials. We also discuss the future application of machine learning approach to disordered materials, including the
development of comprehensive database, high throughput calculation method and the development of machine learning
potential function.
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