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The Impact of Descriptor Characteristics on the Accuracy of
Neural Network Potentials for Predicting Material Properties
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Abstract In this study, we aim to derive the descriptor vector conditions that can simultaneously
achieve the efficiency and accuracy of artificial Neural Network Potentials (NNP). The material
system selected is silicon, a highly applicable material in various industries. Atomic
structure-dependent energy data for training artificial neural networks were generated through
density functional theory calculations. Behler-Parrinello type atomic-centered symmetric functions
were employed as descriptors, and various length vector NNPs were generated. These NNPs were
applied to reproduce the structure and mechanical properties of silicon materials in molecular
dynamics simulations. In our findings, the minimum vector length for achieving both learning
and computational efficiency while maintaining property reproducibility is approximately 50. It
was also observed that, for the same conditions, incorporating more angle-dependent symmetric
functions into the descriptor vector, could enhance the accuracy of NNP. Our results can
provide guidelines for optimizing the conditions of descriptor vectors to achieve both efficiency
and accuracy of NNP, simultaneously.

Key Words : Artificial Intelligence, Descriptor Vectors, Molecular Dynamics, Neural Network
Potentials(NNP), Silicon System
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Fig. 1. (a) Structure of a high-dimensional neural
network potential for a system with &V atoms and (b)
schematic diagram of atomic neural network in the
high—dimensional neural network potential
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r length| 7 for G? n for G! ¢ for G?
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Table 2. The number of ¢ parameter values in
symmetry functions for various descriptor lengths

Descripto The number of parameter values
r length| 7 for G? n for G! ¢ for G?
16 0
_ 28 | 1

40 16 6 2
52 3
64 4
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