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Figure 1 Structure of neural network (color online).
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Figure 2 Conventional neural network (a) and high-dimensional
neural network (b). Take the potential energy calculation on a water
system as an example. The generalized coordinates of the atom i enter
the subnet yielding the contribution E; to the total potential energy of the
system. The subnets corresponding to the same element share
parameters (color online).
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Figure 3 Comparison between conventional neural network (top) and
deep neural network (bottom). Take potential energy calculations as an
example. Conventional NN must be fed with some well-designed
functions of atomic coordinates, while deep NN starts with the raw
input of atomic coordinates and transforms the representation into a
higher and more abstract level through several hidden layers (color
online).
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Figure 4 Search for reaction path as an initial guess with linear
discriminant analysis. Take the Diels-Alder reaction as an example. The
N-dimensional data points related to reactants and products are
projected into a line (denoted as w) that indicates the reaction path
(color online).
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Figure 5 Search for reaction coordinates with autoencoder—decoder
neural network. Here, the N-dimensional space of backbone dihedral
angles of proteins (denoted as x) is reduced to the AM-dimensional
subspace of reaction coordinates (denoted as z) to describe protein-
folding process (color online).
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Figure 6 The workflow of new-material discovery. Many powerful
tools based on machine learning have been developed for the chemical
space exploration (e.g., ACSESS) and high-throughput screening (e.g.,
SISSO) (color online).
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Abstract: Machine learning (ML) is becoming a powerful tool in many domains in science. Its development on
computational chemistry is still at an early stage but has dramatically and simultaneously improved the accuracy and
efficiency of existing computational approaches in theoretical chemistry. Here, we summarized several typical and
recent applications of machine learning in three aspects of computational chemistry: calculation on potential energy
surface, molecular dynamics simulation, and new material discovery within the framework of the material genome
initiative.
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