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Abstract: There have been several studies reporting the interatomic machine learning potential functions for the
calculation of thermal transport properties of pure silicon, but the machine learning potential functions for N-type
As—doped and P-type B—doped silicon have not been reported yet. Machine learning potential has shown excellent
computational accuracy consistent with quantum mechanics, and avoids the expensive computational cost, which
breaks the applicability limit of thermal transport calculation in large space and time scales. In this paper, based on
the density functional theory energies and forces from the developed As—doped and B-doped silicon dataset and a
public pure—silicon database, we trained two deep neural network potentials, and conducted a series of tests on the
stability and accuracy of the potential functions. Furthermore, we evaluated the phonon properties and performed
the non—equilibrium molecular dynamics simulation to calculate the thermal conductivity of the pure silicon

systems. The results show that, compared with traditional empirical potential functions, the machine learning
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potential functions perform better in calculation of the thermal phonon characteristics, and the finite displacement

method has higher accuracy in calculating the phonon dispersion curves than the density functional perturbation

theory. And, the calculated thermal conductivities are consistent with the reported work.

Keywords: machine learning; interatomic potential; doped; silicon; thermal transport
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