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Abstract: Interatomic potential is a key component of large-scale atomic simulation of materials. For scientific problems in
complex environments such as high temperature, high pressure and irradiation, the interactions between atoms are often very
complex. The empirical force field only considers two-body, three-body or four-body interactions between atoms. The physical
assumption is simple, and it is often difficult to accurately describe the potential energy surface of complex environment. Machine
learning force fields can obtain potential energy surfaces that are more accurate than empirical force fields. In this paper, a machine
learning force field based on physical model is proposed for BaZrOs, the most common perovskite system, to describe the static
properties, phase stability and mechanical properties of BaZrOs. The density functional theory database is used to train the machine
learning force field based on physical model, and the static properties, phase stability and mechanical properties are calculated. For
the static properties, the elastic constants Cy;, C;, and C,4 were computed using both a pure machine-learning force field and a
machine-learning force field based on a physical model, and the simulation results were much better than the empirical force field

when compared to the DFT with errors of 0.34%, 8.75% and 10.71% for the former, and 0.34%, 2.5% and 7.14% for the latter. As
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for the phase stability, it is found that the machine learning force field based on physical model inherits the advantage of the

empirical force field in maintaining the phase stability, which is better than the pure machine learning force field. For mechanical

properties, Young's modulus of four different crystal directions of BaZrO; are calculated. It was found that the errors between the

calculated and experimental values for the machine learning force field and the machine learning force field based on the physical

model were 9.22% and 1.6%, which were much lower than the results of the empirical force field. It can be seen that integrating

physical models into the development of machine learning force field is an important way to improve the accuracy of atomic

simulations.

Key words: machine learning; physical model; mechanical properties; molecular dynamics simulation; BaZrO; perovskite
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Table 1 Database summary used to describe BaZrO; system

Correspondmg Structure type No. atoms No. . No.‘atom1c
properties configurations environments
Static properties Cubic under strain (6, 6, 6, 0, 0, 0) 40 20000 800000

Cubic under strain (6§, 6, §, 0, 0, 0) 60 20000 1200000

Cubic under strain (6, 6, 6, 0, 0, 0) 80 10000 800000
Mechanical property  Cubic structure stretching along[100] crystal direction 40 2000 80000

Cubic structure stretching along[110] crystal direction 40 2000 80000

Cubic structure stretching along[110] crystal direction 60 2000 120000

Cubic structure stretching along[111] crystal direction 60 2000 120000

60 2000 120000

Cubic structure stretching along[112] crystal direction
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Table 2 Interatomic potentials parameters for BaZrO,
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Table 3 Comparison of static properties based on empirical force field with machine learning corrections and DFT references

Static properties

Model

a/nm C,/GPa  C;,/GPa  C4/GPa
DFT* 04256 292 77 82
DFT ( this work ) 0.422 293 80 84
Empirical force field = 0.419 261 131 139
Machine learning force field ( this work ) 0.423 292 73 75
Based on empirical force field with machine learning corrections ( this work ) 0.423 294 82 78
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Table 4 Energy minimization results for disordered structures based on different models

Applying random displacements of O-Ba bond length percentages

Model

5% 10% 15% 20% 25% 30%
Empirical force field 36! Recovery  Recovery Recovery Recovery Recovery  Unrecovered
Machine learning force field ( this work ) Recovery  Recovery Recovery  Recovery  Unrecovered Unrecovered
Based on empirical force field with machine Recovery  Recovery  Recovery  Recovery Recovery  Unrecovered

learning corrections ( this work )
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Table 5 Energy minimization results for structures under strain based on different models( a, b, ¢, @, Bandy are lattice paramet-

ers after applying strain, ag, bo, co, a@o. Boandyy are lattice parameters before applying strain)

Strain applied to the structure

Model alas. blbo. cleo alao. BlBo. vivo rEer;zrlfsy minimization
Empirical force field " 1.50, 1.50, 1.50 1.00, 1.00, 1.00 Recovery
Machine learning force field ( this work ) Recovery
Based on empirical force field with machine learning Recovery
corrections ( this work )

Empirical force field 36! 0.75, 0.75, 0.75 1.00, 1.00, 1.00 Recovery
Machine learning force field ( this work ) Recovery
Based on empirical force field with machine learning Recovery
corrections ( this work )

Empirical force field 26! 1.00, 1.00, 1.00 0.66, 0.66, 0.66 Recovery
Machine learning force field ( this work ) Recovery
Based on empirical force field with machine learning Recovery
corrections ( this work )

Empirical force field = 1.50, 1.50, 1.50 0.66, 0.66, 0.66 Recovery
Machine learning force field ( this work ) Recovery
Based on empirical force field with machine learning Recovery
corrections ( this work )

Empirical force field Re) 0.75, 0.75, 0.75 0.66, 0.66, 0.66 Recovery
Machine learning force field ( this work ) Unrecovered
Based on empirical force field with machine learning Recovery

corrections ( this work )
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Table 6 Parameters of different BaZrO; systems

Coordinate axis corresponds to crystal

Model_direction No.
atoms
x y z
A [100] [010] [001] 750
B [110] [111] [112] 720

T35 2R FH A 00 4% P AL 7 A e A Bl r
AR T LB RY BEY ) i R
NPT 5, #5348 1 Nose-Hoover 4k ,
{25 PR 148 F Parrinello-Rahman 35 7, i) 25
K 0.5 fs. R NVT RETBERAE 300 K
T 50 ps, X5 A 10000 M7 0.5% A

Kl 5 J&/R T BaZrOs HEALYT AN [R] & ] () 26 3Pk
By B J1-Ii AR h £k o 36 7 B Ry feli R sk i Bt

12
(b)
10+
g 8
O]
26 Z
o . )
& 4 /— Empirical force field
7~ — Machine learning force field
2 —— Based on empirical force
field with machine learning
0 corrections
0 1 2 3 4 5 6 7 8
Strain/%
14
(d) — Empirical force field
121 —— Machine learning
force field
o 107 — Based on empirical
% 8 force field with machine
5 learning corrections
[%2] 6_
2
0yl
2
0

0 1 2 3 4 5 6 7 8
Strain/%

K5 BaZrOs BRI AN ] dfy ) UL FAE BT BER Iy - B2 2k (a) (10015 (b) [170]5 (e) [111]5 (d) [112]
Fig. 5 Stress-strain curves of BaZrO3 in linear elastic region along different crystal directions (a) [100]; (b) [110]; (¢) [111];

(d)[112]
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Table 7 Young’s modulus of BaZrOj; along different crystal directions

Model

Crystal directions

[100] [110] [111] [113]
Experiment sl 181+£11
Empirical force field " 128.4 269.3 261.2 301.2
Machine learning force field ( this work ) 197.7 184.2 178.2 175.2
Based on empirical force field with machine learning corrections ( this work ) 183.9 199.0 188.8 183.6
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