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Abstract: With the development of artificial intelligence technology, machine learning atomic interaction potential has become
popular to solve a problem regarding the low accuracy of empirical potential. Machine learning atomic interaction potential avoids a
low efficiency of conventional fitting method for empirical potential and becomes an emerging tool for material exploration and
research. This review represented the characteristics of existing machine learning potential and the applications in phase change,
intrinsic properties and interface researches. In addition, the challenge and development trends of machine learning atomic interaction
potential were also prospected.
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Table 1 Comparison of machine learning potential function building software

[50]

Software AE/(meV-atom™) AF/(meV-A™") AV/(meV-atom™) Speed/(step'ms ™) Ninax
DP (se2) 30 1100 250 290 240x10°
DP (se2+se3) 44 300 170 150 220x10°
GAP 46 1100 NA 6.1
MTP (4 A) 36 650 180 110
MTP (5 A) 35 630 200 61
MTP (6 A) 35 650 220 27
NEP (4.24) 42 690 160 3600 10 000x10°
NEP (3.7A) 44 700 170 4600 12 000x10°
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Table 2 Comparison of different thermal conductivity calculation methods

Calculation methods Key points

Advancements and limitations

First principle calculation
combined with boltzmann
transport equation

of multiple carriers
Molecular dynamics

simulation

Non-equilibrium green’s

function complex nanostructures

Monte carlo method

The force constants are obtained by first principle calculations to solve

Study of thermal conductivity, density of states, phonon relaxation, etc.

of materials based on Newton’s equations through large size models

Combining NEGF and BTE methods to study phonon transport in more

Obtain the distribution of phonons by tracking their motion, and finally

High accuracy, but high computational cost

the phonon boltzmann transport equation, which in some cases

requires consideration of higher order phonon scattering or coupling

Relatively large systems can be studied, but the
results are limited by the accuracy of the
potential function

Ideal for studying low-dimensional materials,
interface models, multilayer structures, etc., but
insufficient consideration of non-simple
harmonic scattering

Simple algorithm, but computationally intensive

obtain the thermodynamic characteristics in the system, suitable for

handling complex geometries and complex scattering cases

Finite element simulation

finite units, and the nodes are connected by mathematical equations to

obtain the required properties

Based on the continuous medium theory, the system is divided into

Device scale simulations can be performed,
suitable for handling complex models, but the

accuracy fluctuates greatly
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Fig.3 Application of machine learning function to the study of mechanical properties of materials™
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