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Selection of the cutoff radius in machine learning force fields
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Abstract: Constructing a force field by machine learning method based on ab initio molecule dynamics has
become a highly active research area, however, there is currently no reference for the selection of cutoff
radius. The ab initio molecular dynamics simulation with over 1 600 structural configurations across 83
different materials was carried out to analyze the variation in forces acting on the central atom before and
after displacing a neighbor atom, in order to determine the selection of the cutoff radius in machine learning
force fields. The force difference typically falls within the range of 107> eV/A when the distance between the
neighbor atom and the central atom was 7.5 A or 10 A. At a distance of 5 A, this force difference increases
to about 1072 eV/A. Therefore, setting a cutoff radius value of 5 A in the machine learning force fields can
meet the accuracy requirements. Moreover, for atomic crystals, a slightly larger cutoff radius value than 5 A
may be suitable, while for molecular crystals, a cutoff radius value less than 5 A could be appropriate. In the

case of metal crystals, ionic crystals and alloys, the value of 5 A is deemed suitable. This is the first time to
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supplement the theoretical knowledge of the cutoff radius in the machine learning force fields, which will be

conducive to the development of the machine learning force fields.

Key words: machine learning force fields; ab initio molecular dynamics; cutoff radius; force
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Table 2 Difference of force
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5 0.051 66 0.013 05 0.032 36 0.258 00 0.042 91 0.038 61
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Fig.4 Trend of force’s difference in various materials
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