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Application of Machine-Learning Assisted Dynamics Simulations in Nano-Scale Catalysis

LIN Bo, ZHANG Shuangzhe, LI Bai, ZHOU Chuan, LI Lei
(Shenzhen Key Laboratory of Micro/Nano-Porous Functional Materials (SKLPM), Department of Materials Science and
Engineering, Southern University of Science and Technology, Shenzhen 518055, Guangdong, China)

Abstract: As one of the important simulation methods in computational catalysis, molecular dynamics (MD) simulation plays an
important role in understanding the catalytic mechanisms and is critical to the design of efficient and stable catalysts. Classical MD
simulation with empirical potentials has a high computational efficiency but a limited accuracy, particularly for systems involving
chemical reactions, and the accurate first-principle methods suffer from heavy computational costs and become unaffordable in most
cases. The existing emerging machine-learning force field (MLFF) method is proven with affordable computational cost and
first-principle-level accuracy. MLFF-assisted MD simulation can offer an effective approach for dynamics simulation in nanoscale
catalysis. This review represented the fundamental principle of two main MLFF methods, i.e., the Behler-Parrinello atom-centered
neural network method and the embedded-network-based deep potential. The applications of MLFF-assisted dynamic studies related
to nano-scale catalysis (i.e., structure reconstruction and reaction processes in catalysis) were described. In addition, some possible
future challenges of MLFF methods in dynamics simulation were also given.
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Tools Website
Amp!* https://bitbucket.org/andrewpeterson/amp
ANIH https:/github.com/isayev/ASE_ANI
DeePMD!*! https://github.com/deepmodeling/deepmd-kit
n2p2!*9 https://github.com/CompPhysVienna/n2p2
PROPhet!*” https:/github.com/biklooost/PROPhet

PyAMFF https:/gitlab.com/pyamft/pyamff

SchNetPack!*®  https://github.com/atomistic-machine-learning/schnetpack
TensorMol®”  https://github.com/jparkhill/TensorMol

TorchMD'"! https://github.com/torchmd/torchmd

@nett®! https://github.com/atomisticnet/aenet
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Fig. 1 Schematic diagram of a machine learning force field model
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