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Development and Application of Atomic Simulation Software Based on
Machine Learning Potentials

SHANG Cheng, KANG Peilin, LIU Zhipan
(Department of Chemistry, Fudan University, Shanghai 200433, China)

Abstract: Recent development of large-scale atomic simulation techniques based on machine learning has brought a great promise
in chemistry. These simulations are featured by both high speed and high accuracy. This review outlined recent development on
three key aspects of atomic simulation based on machine learning potential, i.e., machine learning models and structure
descriptors, generation of global potential energy surface training sets, and automatic training of potential functions based on
active learning. It is indicated that the designed structure descriptor and feedforward neural network model are suitable for
generating a highly complex global potential energy surface. In addition, the applications of LASP software in material and
reaction simulations were also selected to illustrate how ML-based atomic simulation could assist the discovery of novel materials
and reactions.

Keywords: machine learning; potential; global potential energy surface; atomic simulation software

1 HLBS TR FRBENE b ORISR, R R,
b A 1 1 o 1 3 1 A b S T L R T T I 4
HHUEL o BT AL S P FE SRR 3 S TR,
EERBPRRL SR MR, —FRACETRT  fEMBgEiF SLbL sk Schordinger 7%, 357K

ORI, Horh R LR R R AT A R AR A LA A LB, AR Newton

(SR I G g RO A, LR 720 25 KB LTI . AR R

B RE RN, DR AME R oMb e 3 T o, AT

Wk H . 2022-10-01. BT H . 2022-10-13. Received date: 2022-10-01.  Revised date: 2022-10-13.
FEWH: ExE SR TRI(2018Y FA0208600); [ 5% H AR R 5 4 First author: SHANG Cheng (1985-), male, Ph.D., Professor.
(12188101, 22033003, 91945301, 91745201, 92145302, E-mail: cshang@fudan.edu.cn

22122301 1 92061112).
i WOI(1985—), 5, Wit #iw.



55 51 &5 2 3] Yk S T AL TR B SR T A (T R R N < 477 -

TP EZBIINER G ERIR G, X 7e 14 &
MRARELAT B () R0 2% () ROBE B PRI BRI, 8 i A R
2K (29 100 AN JET)FE B Ab 4 AT e, ix ik
220 B T T B RS R ZE /N 2 1) S B TR], R
oG B R — M BEIA B 1) LK B RCK G R T
WREA BRI ZED . Ft, EeRET /1%
TH AR PR D5 A AR A S B4 0T 0 SIS R 2% A 11 1
REAUN, T G R] E AR 22 AT 4 (R R B R e v i A
LRI R FAE,  HPIEO A G2 (]34T T2 KA
WA BRI R — B ORISR I H bR o

W85 TR 1 2 =1 )5 1A GPU BB & J, N L
BERARAE Sl JVEAS 3 T R R D, 3Rz
T &R sdek, st im e w2 ) N5 1
RSB RL . IARHLES 5 S HOR A T 58
PLER AT LB IS 20 2 90 4EAR, #Fx HAH R
H BN TR RS e T g, Hrh L gy
SIBAR T BERIETHAMBHR, WA TR T
BT/ E RSB RRIEIRE, WL 15 R
¥, ATPURARNER. SERNEK ST
FHEG, HLER % ) AR B AR R R B
ORI S e 5 S8 i), RS 171658 713
M LUA B I RER A M FR A = R A . 4R
MM, X — VA 2 AR R DL A i AR 0 I
AN XU, A 3 B A ) 240 TR 3R X DA SR 15 i
TR T B T R R,

587l ARENd R # Schordinger /5 &
AT ERE FE A REIAN ], JE T W18 o) 4 R Bk
3T E s ) v o R A A RE T BUHE SR AT S I AR ]
REAS BB m I Rk . AR 1 B IBdR =2,
HER AR YR AT H RN —5, ik
T i) R P D B ) 2 AL U R K A RETHD SR A 7 2ok
AR A B EEM AR SIEE. S8
RETHIE 2 7 1L DR AR T L3827 ) IR R A0 7 v
R EORHEBEMER, B E R E T
PLIE FETE A PRI 18] Y BE 5 R 2R (1) #4 4 25 (8] (1
i, DARORIOCER ) O R RE ST, S — 5,
TERNF AN B ES MN BT B, e
T HLES 2 S A R A SRS F S STz

— B T ERAE, wnT DRI B e s A
()5 B s B (AR, BREREMIE T /1), Rl
WL A, X — IR R T A B LR S s
HEE AR . VNGRFEAR I KN FIR B e TH B2
TEF= AN I RE T T IR . — ki, HlLas
s o) rpai s ST G R, B I ZRE 0 ) o

BT, RIRT AR sl 2 2 . ARSI
MM A IR ENT R ERAESE, ik
BRI, AP R . XA I 2R
FERUSKEIIREL, RS54 .
RABORSE T &7 545, i H i T80 A
A, BEHIBOEME . 8T RS E 51X
—EEGREE,  HATAOLER S ) HeR B 2E )
2 ] e PO e 5] R T B ARG T
E P LR 2 ST . A BRECE AR I
ZFEARTT IR, R AATHLER 2 IR 25, 12
PP BE AR 25 > 35 B BGHEAT I A, 7 20T
IR, JFARYE— S HE SRR £ B bR
Wl EIESE, B2 2R

ARICMML AR IR L TR A I 2R AR
PR B B 2 T5 A 3T DR LAR 27 o1 Ji 1A
N BEREHEAT 1 T BEIR, JREE AR T A/ NIT
R IR S T o 2 IR 4% 3 o B0 R DR A I R DL A F
(LASP)® J 34 3 BTy HE BB L34 B T 47 78 42 = B 16
2 I 25 55 (SSW-NIN) 7 VAP 20 A% R ST T 4 R
T HCE ARl e X 2% 35 bR B I oM T35
B R TR, 12 LASP B iF, @it Bahi AR
BRI PHAT E BB REHERAE, @ T KRENER
HIZE 4 (G-NNYBAPY, S 7 76 2 B R i K&
TCER I N T RS ARG, R LR
REE PN ISRt E R

2 MBFARAALEMEAT

AT ARIE RAFRINLES 2 S0, HLasSE ST
(R BET B SN (S R 77 ik B U <7 2 4
JEARHN: 1) PR KNAAENE . HLASE SRR 5
TRER RIGTE,  DAHERA R M 2> Tk 2 B E iS5 A
RNHIR Z2 o 235 W60 AR PR (L7500 388 ) AS 2 5 2%
TANE IR 2) SR IESE. T 3k
REAEEER R 77, P8 52 ST BRI N R 1%
RSN, I H AT DX T AR RR TR T %
X 2 AN BRI, LS 2 ST 5 ik 2
To oK (R BB H A BRI s BTSSR T
TREE TR R BT Heds A B A, IR
ST G R e

iR 2 ANEAEIN E 20 tH4E 60 AL LK K E
HLSR I 13 7V E R C 20 2B, PR EA TR A
BB A P A () « = Ak (R ) A0 DU 4k (T 49 ) 19125
SRTITIR P B 418 el o A SRR HR T, TovE i
AR, B X LR B R A E S, Tk



. 478 - (RERR 2h2230)

J Chin Ceram Soc, 2023, 51(2): 476487

2023 4F

WAL 2 e ik 72 . Behler #1 Parrinello 542 H 7
5T~ B 2 E 8 110 2 24 4 440 ) 4% 42k 2 45 1 (HDNIN)®)
DL o S Br BFH HR AR SR NE AL R SR, HA Ak
RS BEEM R R R R E NN TR T
Re & R Bl A 22 PR B e, @R — A1 4G
MR AT Dy KA R RGBS S Re A
B, BT DU FH A 2 X 2% 6} 5T B AT I
o TS Dy #BE — AN E T H O X FR R £ (ACSF)
B A R AR AR ) A0 = A £ m] BR B SR AE 2R
(K1), t)E, WFEEAISEH T2 HLa 2 S A
T, v 7 3 2 ()9 (GPR) 124 32331 gy 5 v 45 [
JH(KRR)®, 37 #E[ BHL(SV M) BS54 5 43 Hr
5 (SNAP)II&E | 33 16 5 3 oy T4 R BOR 9 T
LM B KB Z . LR S, TR
BT R I SR /N T e 25 B8, A
WA Z ) S5 . SR T R E0 vk, s8HAR
W BE I ZR4E B nd 3K (n I 2R KN, BRI A% R
BB EZ R TR E RN BRI E, ME
W 25 5 TR TS A H AT 3 R B A B o T B R
Y, X e 22 P 2 B L e — i AR A T
HDNN [JEARJREL ., L2 T, RS0 E5EE
2 BRI F R, W Behler A1 Parrinello
1 R R T 0 6 AR R B(ACSH)E Y fE
Deep Potential H 7 I (1 2% T 5L 7] P9 44 R 25 1) 45
U 20 0 2% 22 F BTS84 1) MPNINE)
B 2 SR A A0 T v T R T P R
Wl A2 S T e 5 SR 4 2 (] £ L
15, T LLS 2 0 ) — e a5k v S k[ 4348l

Left: the vector D; is built from a series of element-discriminated functions
based on atomic coordinates; Right: ML models utilize the atomic vector D; as
the input and decompose the system properties including energy, force and
stress (Eqot, Frot, @1d Sior) as the sum of atomic contribution.
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