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Machine Learning in Lithium Battery Solid-State Electrolytes

CHEN Xiang, FU Zhong-Heng, GAO Yu-Chen, ZHANG Qiang
(Beijing Key Laboratory of Green Chemical Reaction Engineering and Technology, Department of Chemical Engineering,
Tsinghua University, Beijing 100084, China)

Abstract: Solid-sate lithium battery (SSB) is considered as one of the most promising next-generation batteries due to its high energy
density. The emergence of machine-learning (ML) techniques affords a possibility for the study of solid-state electrolytes (SSEs). ML
is able to promote a deep application of theoretical simulations in SSB and build a high-accuracy and multi-scale simulation paradigm.
Besides, ML can establish a quantitative structure—function relation of SSEs and achieve a high-throughput screening of advanced
SSEs. In addition, ML-assisted experiments can synthesize advanced SSEs with a high efficiency and deliver a comprehensive
understanding of working mechanism in SSBs with various characterizations such as synchrotron imaging. Therefore, the introduction
of ML and its combination with the existing theoretical and experimental methods can promote the study of SSEs and the practical
application of SSBs definitely.
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Fig. 1 Scheme of developing machine-learning potential
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Fig. 2 Comparison of calculated lithium ion ionic diffusivity
by AIMD and DPMD simulations!*”
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(a) Flowchart of probing ionic conductivity

MIbLas 22 I e . HAT, SEmHLE > U5kt
CH AR B BB A K] VASP BfF, Rkl
52 B EE T2 (K R E RN A T #5248 MLMD
st .

KT B A R AR, Wang SRR T %
IS AL 8 25 21 7 1R AT 7 IEAR 6078 AR B 9
HVERT (I 3). AHEL TR HE@R, WEMEhT
FUUIN TR, 3B 7 3 R M ESRAE, K
FEAE HIAR S8 AIMD J5 3R FE I T i 5 K A Bk
S ST HLAR 2 2 TR BINLAS S 2 S e L A
DU ORFF RS BOTH SRS JEE B BEAR ORI i B0
(LL# M AIMD LR LA EE ), DIUERERT
PAFE SR 26 PF N T LigPaSy 5 1] 25 HL g it 1)
BT RS, WA LLFER LSO, 55 S RE—
R AR 28 o AL, AHORHLAER 2% 2 R BT
AN D T ] 2 H Ao A e vE T R St T SRt T
B, IR CAHERE IR AR SR AR S X B

it

(b) Comparison of diffusivities and diffusion barrier determined by AIMD and LOTF-MD

LOTF: “learning on the fly”, MSD: mean-square displacement, TMSD: total mean-square displacement, D: diffusivity, and E,: diffusion barrier.
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Fig. 3  On-the-fly machine learning intermolecular potential probes of ionic transport in solid materials
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Fig. 4 High-throughput screening (HTS) of solid-state electrolytes (SSEs) with high ionic conductivities
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(a) Bottom-up tree diagram (dendrogram). (b) Mapping the dendrogram to the conductivity. (c) Violin plots of ogrr data grouped in the grouping. (d) mXRD of

all materials in group I-VI and a part of group VIIL. (e) Crystal structures (left) and (right) Li sites (green sphere) determined by local anion (yellow/red

sphere) configuration, corresponding to isosurfaces (green) of Li probability density from AIMD simulations.
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Fig. 5 Unsupervised clustering of all Li-containing compounds
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Fig. 6 Machine-learning-assisted fabrication of thin-film SSEs
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