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Impact and Analysis of Optimizers on the Performance of Neural Network Force Fields
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University of Chinese Academy of Sciences, Beijing 100190, China

Abstract Molecular dynamics (MD) simulation is widely used in various fields, such as materials science and computational
chemistry. In recent years,with the improvement in computational power,the development of neural network models,and the ac-
cumulation in first-principle data,neural network force field(NNFF) models have demonstrated high predictive accuracy. Curren-
tly. there are multiple training algorithms available for NNFF models,and these models are undergoing rapid iteration. However,
there remains a lack of guidance on NNFF models and their compatible optimizers. This paper selects three representative NNFF
models and the three most commonly used optimization algorithms for these models, testing and evaluating them on four real-
world datasets to analyze factors affecting their convergence. We have designed numerous experiments for a comprehensive evalu-
ation,including the impact of model parameter size on the optimizer,the influence of model depth and width on convergence,and
the relationship between model training time and the optimizer. Our work provides recommendations for optimizer algorithms spe-
cific to NNFF models.

Keywords Molecular dynamics simulations, Neural networks, Force field, Optimizer
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Table 2 Parameters of depth potential energy models at different
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small [25,25,25] [50,50,50,1]
middle [25,50,100] [120,120,120,1]
large [25,50,120] [240,240,240,1]
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Table 5 Training time of a single epoch for a DP model of

different scales

. Ag(second/epoch)
1 # -
small middle large
Adam 13 13 13
LKF 26 90 238

ARG XX small size,middle size 1 large size IR & #
AERL R AE Y R4 EAS B 4598, RATK T8 R A Adam 1 LKF
PRAL AR TE 3 FlAS [7) HLAE 9 IR 3 4 R A Y R 7E 0 3041 B Ak 8
iR R 6 Fra . FTLLAS B[R A AY 4598 - Adam based DP R
H middle size F large size >R small size AYAHAL Y35 5 #2
w2 W /N, LKF based DP R H small size H R middle size
il large size 19 DP 193477 H i 22 B/, o BN (19 389 07 A 3
22 HIRL AR R

Fo  ARPELRY DP A ZE D L b A s as R
Table 6 Convergence results of DP models at different scales

on the test set

Adam LKF
E/atom.eV ~ F,eV/ A E/atom,eV F,eV/ A
small  0.004280 0.153745 0.000190 0.011304
Ag  middle  0.001677 0.121359 0.000195 0.011469
large  0.004161 0.011292 0.000209 0.011986
small  0.002644 0.054772 0.000379 0.055147
Cu  middle  0.001506 0. 030805 0.000574 0.059497
large  0.002244 0.034132 0.000633 0.063238
small  0.004753 0.029391 0.000154 0.027890
C  middle  0.000979 0.026703 0.000156 0.027338
large  0.002066 0.027695 0.000184 0.029955
small  0.003469 0.046729 0.000310 0.047784
H2O middle  0.002544 0.041263 0. 000400 0.050243
large  0.001609 0.041750 0.000433 0.057461
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Fig. 10 Convergence curve of the data on the NEP
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