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Artificial intelligence-enhanced physics-based computational modeling
technologies for proteins
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Biotechnology, Chinese Academy of Sciences, Tianjin 300308, China
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Abstract: Computational modeling is an invaluable tool for mechanism analysis, directed
engineering, and rational design of biological parts, metabolic networks, and even cellular
systems. It can provide new technological solutions to address biological challenges at different
levels and has become a central focus of research in biomanufacturing. In the computational
modeling of proteins, which are the key parts in biological systems, the traditional physics-based
methods (computer software and mathematical model) have been widely used to study the
physical and chemical processes in the functioning of proteins, and have thus been recognized as
a powerful tool for understanding complex biological systems and guiding experimental designs.
As the scale of computational modeling continues to expand, traditional modeling techniques face
difficulties in balancing computational accuracy and speed. In recent years, the explosive growth
of biological data has made it possible to construct high-performance artificial intelligence (Al)
models, which brings new opportunities to the computational modeling of proteins, and the
Al-enhanced physics-based computational modeling technologies have emerged. This combined
strategy not only incorporates the chemical knowledge and established physical principles but
also is powerful in data processing and pattern recognition, which greatly improves the
computational efficiency and prediction accuracy, as well as possesses stronger interpretation
ability, transferability, and robustness. The Al-enhanced physics-based computational modeling
technologies have already shown great potential and value in biocatalysis, paving a new way for
the future development of biomanufacturing.

Keywords: artificial intelligence; computational modeling; computational biology; molecular
docking; molecular dynamics simulation; quantum chemistry calculation

RHE T AN E R Z T Y FER M Z LR T . BB ot &
BRI, S AR A R R A4 A HIFE T . R A T E ARSI
Wik RP Y. syl i, Hidr, SERIFGY . Xy i Al AR T L
SR B e s K4 ] C/C++8{ FORTRAN %i 5 )% A 1%
WA IR A A Tz T DL A F R JE Ab B 4% (graphics processing unit,

http://journals.im.ac.cn/cjben



NR % | AT SYEEEMA B E A HEREA

GPU)INE /Y H & S S8 — B4 4244 (compute
unified device architecture, CUDA)N#;, 3+ HJL
P iR A A A B R e i A A A G
T2 R 7 el 75 0 e ARME DU BR AN W ki R
LR HE AR S AN FE, ASFE A
T BA AR PeE R, BN 5 p it
BN SRR, (AR, MELLW T
YRy F 195 T8 i B — e AR
VA TR FE R, {H A AT SR AR AN
ST E s R O e 7 = & SR = = Ry R (V78
Z SRR G F AR 1Y 7853 75 TR

P4 , N T8 fiE (artificial intelligence, Al)
AT 58 A 174 Vg o e Ak B RE ) RN 2 S BB T T 4%
2R, e E A TS . AR KBGT
BT GRS T B R el
m s, IS AN TR REE S (U0 TensorFlow!” |
PyTorch®™ 1 MindSpore® %) i 15 11 3= %2 L) IF
K YIZRFNHR 2 TR A 22 I 45 A 70 1 0 3
AV S m), AR T HOR IS AN A =k, s

LT AR EARE GBI TR &, nst
PRARFE ) A4 B 3238 15 (W MindSPONGE!M), 3
— R RBE R R, A 2 Y
ORI R 3 RE R R sk i S B0 AN o, A e kg N T
BREEAR . X Tl sl w1
ST R AR A2 2 HLRE R A9 T AR SIS
A N TR JFAELZ8HA N TH
REJTEBIRZIZ R (8] 1), N TR BT RACR
FERPESET: | THRBRILS b7 | MG R
s R 5 70 U A 22 WG B2 2 RS
WA ARDEAT TRk SR, BRIl 0 T8 fE
BRI Sy B S, T 25 7R AU 2R Bt -
Tekz AL (i &F [ A, 1 28 T 4 P B g TR
RE DU T 5 Bl N T REASE R AE I R ) IR 2 G
FRELAE, DT AT AR A AE 2] vz Ak
R T IRABEE AL 559 P 3 Al BK 2
FEATEBIIE AR, ACHENH TR T YR
JR PR A% e B TR i, AR R I
XA AT R B SCRE Se ik R e . B

mechanics/
molecular
mechanics

1 AIEESYEREMESENNERITEREDEAEGE

Figure 1

Z&: 010-64807509

Artificial intelligence-enhanced physics-based computational modeling technologies for proteins.

. cjb@im.ac.cn



920

ISSN 1000-3061 CN 11-1998/Q A:# T #2~44k Chin J Biotech

R, W e g AR R E AT
X el B AR BT
VIR, T ALXX 4 R TR
R BB BI A R MR P RS S B S AT DR
ARSCLLE ] o3 R EXT 7 I AT 4, I 911284
FHEG, FE, X AL SRS K s
HEATH ARSI BOR AT T B4R

1 ETYHERENEZAZE I
KB T %

G B TR, 2T YRR,
A TR AR R AR R EE 147128 . 1,
531 X8 2 W] LADEAk 52 0 F0 G AR B AR L AR A
K, o F B BT LIRS AV R 0+ 13
BBshirh, S 1) EN ] DIAE L 451
RUBE 584k 27 RO R ) 27 880 1 23 PR i o
X e N HTEAR TR, Ak
PR 0 2 RN AR 1 B Sk BT AR A, R A A
THEHFREFZ R 1,
1.1 FafHE

- %F 4% (molecular docking) /2= 48 2 Fiak;
2 MLl B EAHE R AGE G, IR AL
SEABAMLRE, EET 1984 4 Fischer #2iH
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Table 1

Lists of selected physics-based computational tools and applications?

Tools Applications

Cases

Molecular docking
Glidef!0-11]
GOLD!?

AutoDock 4.2[13]
AutoDock Vinal!413]

Protein-ligand interactions
Protein-protein interactions
Protein-DNA interactions
Protein-RNA interactions

HDOCK!®] Protein-metalloligand interactions
RosettaDock 4.0017]

ZDOCKU!!

MOLS 2.001]

Molecular dynamics simulations

AMBER?¢] Ligand binding

CP2KP7! Protein folding

GROMACSP?#! Structure-based drug design
NAMDP! Membrane transportation
LAMMPSI30 Allostery in proteins
CHARMMEB! Near-attack conformation analysis

Quantum chemical calculations
Gaussian 1640

Turbomolel*!]

Substrate binding mode

Reaction mechanisms

ORCAM Enantioselectivity
Q-Chem!! Regioselectivity
NWChem[“4 Enzyme design
Molprol#]

QM/MM calculations®

Chemshell52 Substrate binding mode
ASEDB3 Reaction mechanisms
Cubyl4 Enantioselectivity
MiMiCP] Regioselectivity
QMCubel*¢! Enzyme design

Ligand binding in cytochrome P450eryF[?l; Substrate
specificity of cytochrome P450cam and its L244A
mutant(?>!l; RNA recognition of tRNA pseudouridine
synthase TruB[??l; Dimerization of the damaged DNA
induced UV-damaged DNA-binding protein!?}]; Discovery
of lysine-targeted eIF4E inhibitors?*l; Metal inhibitors of
activated Ras proteinl?’]

Thermostability prediction of cellobiose 2-epimerases!®?];
Interaction networks in protein folding?3?); Rational design
of peptidic modulators of protein-protein interactions34;
Structure-based de novo design of picomolar ABL kinase
inhibitors®3); Design of enzymatic C—H hydroxylation3¢;
Dynamic allostery-based molecular workings of kinasel37];
Analysis of ground and transition states for the Sn2
displacement in haloalkane dehalogenasel*®; Mg?*-sensing
mechanism of Mg?* transporter MgtER?]

Substrate binding mode in phenolic acid decarboxylasel“];
Mechanism of nickel-containing carbon monoxide
dehydrogenasel*’l; Mechanism and enantioselectivity of
norcoclaurine synthasel*®!; Regioselectivity at each
evolutionary stage of an improved mutant(*’l; Design of
(R)-enantiospecific norcoclaurine synthasel*”); Mechanism
and stereospecificity of dihydropyrimidinasel3!]

Reaction mechanism of P450 enzymesl37]; Reaction
mechanism of glycoside hydrolasest8l; Enantioselectivity
of the O-acetylation of (R,S)-propranolol catalyzed by
lipase B*%1; Regioselectivity of drug metabolism in
cytochrome P450 2C9[%0]; Designing the gold-bio
interfacel®!); Rational redesign of 4-hydroxyphenylpyruvate
dioxygenase (HPPD)[62!

o RS TR HTHATA FE R AR, b EZN Ay R02E. . QMMM iHR FEESHE AR 4A
B AR A2 T SRR 005 8 ) A AR S B, A A0 5 B A LR
3 Some toolkits listed in the table can be used for various types of computational modeling. They are categorized here based

on their primary application scenarios for clarity. >: QM/MM calculations are primarily facilitated by interface programs that
integrate quantum chemistry software with molecular dynamics simulation software. Several such interface programs are also

included in this category.
(density functional theory, DFT)% ., H T & F1k
FOPER UTE K EOFFRAR R, I TERG
AR BN A B R A A T R S A . H TR
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(three-dimensional CNN, 3D-CNN)# A gt 47|
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Table 2

Selected toolkits of artificial intelligence-enhanced physics-based computational modeling
technologies for proteins

Tools

Methods

Key details of the methods

Molecular docking

DiffDock*®)/DiffBindFR[®°]

TankBind[7%
DeepDock!"!]
EquiBind[7?]

Uni-Moll73

Diffusion generative
model
Trigonometry-aware
neural network
Geometric deep learning

SE(3) geometric deep
learning

SE(3) transformer
architecture

Molecular dynamics simulation

GLOWU4

TorchMD!73]

RAVEL!¢]

NN2B[7!

Quantum chemical method

Psiformer!’8!

PauliNet!7]

A-learning!®0]
ML-SQCI1]
AIQM1182]
Fermi Net!84]
SALTEDIS5-6]

QM/MM (MD) method
dp-QM/MMI87]

QM/MM-NNIs8]
QM/MM-NN MD!8Y!

(QM) ML/MM MDI®¥

Convolutional neural
network

Deep neural network
(DNN)

Variational autoencoders

Artificial neural network

Transformer

Deep neural network

Kernel ridge regression

Kernel ridge regression

Atomic neural network

Deep neural network

Gaussian process
regression

Artificial neural network

Artificial neural network

Adaptive neural networks

High dimensional neural
network

Defining a diffusion process over the degrees of freedom involved
in docking

Building trigonometry constraint as a vigorous inductive bias into
the neural network (NN) model

Learning a statistical potential based on the distance likelihood
tailor-made for each ligand-target pair

Using graph matching networks (GMN) and E(3)-equivariant graph
neural network (GNN)

Incorporating 3D information by a universal 3D MRL framework

and using transformer as a backbone

Determining important structural contacts by saliency (attention)
maps of the residue contact gradients

Extending the bonded and nonbonded force terms used in MD with
DNN-based ones of arbitrary complexity

Using the reweighted autoencoded variational bayes for enhanced
sampling

Using the nearest neighbor density estimator (NNDE) and the
artificial neural network (ANN) for the bias potential
approximation

Using wavefunction transformer as an approximation for solving
the many-electron Schrodinger equation

Replacing ad-hoc functional forms with DNN representations
Adding machine learning corrections to computationally
inexpensive approximate legacy quantum methods

Using the kernel ridge regression with a Laplacian kernel,
automatic tuning of SQC parameters for molecules

Using NN potentials based on torchanil®], leveraging A-learning
strategy and the power of transfer learning

Introducing the fermionic neural network as a powerful
wave-function Ansatz for many-electron systems

Performing equivariant predictions of the electron density of both
molecular and condensed-phase systems

Using molecular features and a set of collective variables (cvs) as
input, chaperone polarizabilities as output

Using the information on molecular structures as input, and the
potential energy as the output layer

Introducing adaptions to configuration appending and propagation
on the configuration to update NN

Integrating the MM environment as an additional element type in
the high dimensional neural network potential

http://journals.im.ac.cn/cjben



NR % | AT SYEEEMA B E A HEREA

— NEAYH CNNaffinity, JEHTIFEESY
SO N PSS o 8 0 T /0 Al
AnnapuRNA it I S50 A A7 4544 H () RNA I/
Gy A EAE R g8 5 17 B LA 2
21 T XA 25 WA B ) RNA-FL AR B4R
FHRN AT 72 BRS 4 M Hh SR BE R FE H 2K 5oL
SBIAEAER, %078 RVEE 2 R BT Al
RNA-fLARE WS, BB &R+ A
P4 BREE,

i 1 45 A P B Y (diffusion model),
AL SRS 2 F X kT A FE 4 . A% 18
B, UL G5y 76 e ] BRAEAE R
G RAEAN R 0, Jaakkola HBATF & T 3L FHC
PR AR RROL LA 38 /9 97 w1l A i 48 7Y
DiffDock, %A DL BBl i A4 8 11 B4R
N I STV A U N B e e e b S RS
Flv A B FRZS (8], FEARiENX4E PDBBind
RIS T 38% M TN TR, AH T AL Gt
D7 15 (23%) R 5L T TR BE 2% ) 1 X 452 0774 (20%)
AN RA B B8, DiffBindFR J7 ¥ -
PSS 780 D) D EL A Bt AL A % 2 1 B ) T A 52
TR, 2HABNRENE AR M. e
TR 20 i A2 [l B B A adl . ASAUAT LA
YA ff L0 A 11 5 1A AS 52, I ELE R AR AR
R A L AR 45 6 e AR

AR B ) 43 F- X6 4 7 v 3 ZE AL AR 2 > A
R A UATT 20, AT LR v 1 1 75000 2 19 -
BRE GGG . T HIRE 451 L
2 I R B o e X3k /E A, TANKBind ¢
S EARAE N TG R 2= A B R, IR
HEATE A T4 E R se B LA A D& 7 BT A Rl R
(L5 A o, [ B R P Jo 300 DX 358 67 SR A )
ot Fe bt g, SERIDLIb 4SS AR I E A AT,
A B E RS T 2 A WS R R B SE T i T
M ERGPETY ) DeepDock JF JUMIIREE 242, R

Z&: 010-64807509

P BCAR-RERR XS AR B SR 22 T e it 34, Jfk
$a et B AEES S, HTmEiss
FAR AR T 45 G 47 EquiBind 3T SE(3)
SRR UM IR BE 2 ) BEAY AT 4 N 2 AR 45
ALE . BB EE G ARy ), T B 0 5
A RE T,

S50y FXHE AL, AT SRS 73 F
X H 5 Wk R R B R O TR L SR T
TR U THCUE— 4 Sl bric B g\ b
AR 3, 2 BR i = 4k LA 35 0 B8 AE B AE A 55
o S H i (E B RE ) o B b [R) R,
Uni-Mol J5 42 ) 1T —Fhidi ) 3D 73§ K87
>J (molecular representation learning, MRL)#E
20, e fE MRL A g8 AR ORI C A ) Vg
YRR R, B YR T MRL 3R/ 6E 1
IS (AR I B R T a1 - = W5 1R E4 Y
B, DA RO S0 5 R T ROM L AT e R R
I = GESE M AR DGR TINAT: 55, Gk (1 BT - e i 25
BB F G REET

W& AL BG 0 FRH 7 M e, 7+ &
2 o HLAERR Ak 7 00 T2 DA PP A X 26y ik
e ARSI H A A2 . PoseBusters BTl
A 2AAE B2 TRATE R, AT T AL 435 4%
Ok eI R, I T EAU B R A S
B RMSD 25 B8 $R b5 , 16 BE S PEAS e (4 25
. Ab2E— B A A R, IR TR
R 2R RS S O 22, AR R T R o ) X T
i, HESHEORE A . S A A R EETI Jy k
R IF &L,
22 AL RS FRIANFRUZA

HHiT, 125053130 1 SR AE ) 375 0 U
WPk . PR AR R L R GORAE R T4 1
7 THNHNG — RAVPRER . ALES 7 > Bt A
WA 2], 5] A 1+ 5 25 6] 1 B
PR, RIS . BN R RGO
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HAEAL S AE 5 i T 4R I R TG L 5 b 3
Mr, PR DIMERR B LR 28 Koy F R G B
17, RIS A

1 52 53~ 3l 7~ AU 4 1 4 A D5
Z B 1 15 2 PRIR B ), 5 F B H A
¥, AIRSAEMEZE . MR, REERIKSIE
Bl s S SBRefE IR R 5 2 3 1 M S i TR
A E BT, EE] TR AR . TorchMD
B EARA a M AYLE S > F8 FAR
MEZE, R R (s s AR A
Lennard-Jones #1 & & M B AE )Y RN N
PyTorch ZUZH FGAE , 5 >0 FIASTADUI 22 W 2%
#\(neural network potentials, NNPs), HE ()
N F— RIAR R 142 R B T S
(O RLRL AR 7™), 7E TorchMD J:fih E 51 A BT i
B %% A% transformer (ET) 28 #J Wi # #&
TorchMD-NET, i 32 ff F 45 rh i1 2 I bl
AT LS B g A PR A T e

TEXGIRRAE DT, TRBE 2 A a] DU T
o g8 AR N D Ok B 4R A AR i (collective
variable, CV), F5| AG F)F H ik sh i) e &,
A SEPEE SR SR AL . NN2B P o lr 48 % Af 11
#& (nearest neighbor density estimator, NNDE)
N T 245 M 4% (artificial neural network, ANN)
D5k, WRLIE TR A R B Ay 3l 1 SE L
PAF AT IR IRANE] CV (B AH S 19 f B 3, 5K
PR 22 FRAEL Ay i 7 SRASE L fR REORG ff  F 300
DEEP-VES ML i > TR 578 5 1 9 R A Ty
A AR, FIH B2 2% 1) FRIREE 1 FRon R
B B BB, T BR A2 BN ) [R] s
RVFEAVEZ A CV, T E 51 T R 581 5 )
B 2O BT 2R R R [ 4EEE A
LSRR N CAE " o wriE S N N S B A
K ¥ (reinforcement learning based adaptive
sampling algorithm, REAP)& 1L, 5 A ELL )

http://journals.im.ac.cn/cjben

T8 ) 2 AL G A 3E DR RR AR L A
TR A G 25 AR R DY, B T AT LA
S PP OCHE CV ByE B, T B = 451
5 R R BB T HA L

AL, AR S B [R] Y MDD B 4DL R
A AR L T AL AR 2 2 B B R AT ROIR A R Y
(Markov state model, MSM), F-FF Fi il | i [8]
RUBE (0 86 1 45 R AR AR U0 sl ik i ) S R
Fo) U T JR ] R S A A (quasi-MSMs, gMSMs),
AT DAY/ Yo g HCRsT [B) 25 AR, B 3 T AR
MD #4a A R AL TRG BE . T30k, 2
R IE 5 ) 3E AT A 3l R E 2 BUE o xF B
4k, &Rl MSMs H b T DI REA 52 A8 1k 1Y)
WHoE, XTI R G AR AL BEA T B A RO
2.3 Al RFHHIEFUFTERBRA

b 2R T AR L R A 43 e
PEBUA AT BB A T H . SR, H TR AR A 15
D R AR AR B W, HBEE 5 RGEREIR
FERIIE AN, TR MAR R E N, SBUESE
AR T AR W) K G0 -1 53 s T i R B
AR b A AR R AL 1 %
B FEAS B 5 ML AR 22 ) B R Ak Rl — R, 2
FARTHTRAERE , IR BN YR R A
23 [A] ) R PR R R

B~ > BB AT DU 300 & 14k 27 355
FR A 2 g . Schiitt ZEUOE T — N R
STHESR , JLAE Jry 30 i - S0 18 A ity b 00 -
J1EE W pR A, TT NPT AR H AR HAth S e
T LA 15T AR S B 380%, X HL 45 LA ]
ST AT B AR G T A AR
Nigam U1 Unke S5V O7E e itk it —2 5]
NS 2E T AR UM Zrid #2 . Zhou &1
T R 28 T W 4 5 A% S A 28 ) 2% R 2
B, (AL A TR A 2 T AR Y v i 2 i S Y
SRR R A IR R AR S N . DA b



NR % | AT SYEEEMA B E A HEREA

X SR IR N AOAT DA v 158 R AR P RO
(7] Fsf s LA AR 58 9 AT 3 B8 1 R e FH A2

T A 2 I 4% T AV — B ek 250 (L
e, AL 2 ) ik e s i FH T3 eRi 4K
H TINS5 BT o o 248 IR 2 T PR BSOS [R) AL S AR
PR, HOANHORE TAEAT 45 2 9 2 2H . DeepMind
A1 BA T & B9 % oK - #f 28 ) 2% (fermionic neural
network, FermiNet)/&—F1Z H T R 58 1% s %k
Phigdr, TR s a5, =
FE T A A6 B I A X A BR %K 4, B AT 0
I ER SR AH DGR 2R 1 29 it 2614, Hermann %07
TE R W B 2 > I R AUUL i 4% PauliNet, DAY
' £ 2 7% W5 F HL- 18 vE (Hartree-Fock) fif 1 Jy 2k
&, ERUA R R YRR YE, RRRESE i
TR SE o, RS i e i
(430 PR i i o 31, DeepMind 1 BA PRI &
THEET 23k B TR I HLE A L k2 I 2% B )
I R EUB 2% Psiformer, HAI@ 2 ) HL 2
[ S AT 1A , BT — M PR A
ZHFREES B, e EREIHEEE,
HAER KO FIASRE R T R BL 8,

il TR BE 2 2] 58 7 YR AT DU AU AR
O3 IEAS N RS T A =k T AR . Ng
SOOI — AN IRBS I R B P 22 I 2 A58, 4R
71 5 MP2 Fl CCSD IS 7K V- AH 4 iy L 7 >
LA OCRE T, AT TN A &
AR5 F . Golub Z¢1O75E 1o %% o 4 4 B IE
FEBERIR ST A B ZR 4, ST 4%
TG, SCERTE MRS A A ShE R, M
M/ 1 i 2 4 807 2 T sh ik B 1
25 T 3% My VR 228 556 P

A Tk, &R R
18 (density functional theory, DFT) A H: 78 115 v
B RN B AR O TR AT R A AT R )
LT85 AR R SY, EHORS B2 o B AOHE T

Z&: 010-64807509

Xif A2 # - #H 5% (exchange-correlation, XC)iZ bR HY
W, TEAL PSR AN SCHL 7 R G AU AR AH LA
FHISE, FRUE DFT Jrikal iR A, Hldese
AL D) AT B AR B B o ) SRR T A X
WA . KRz K. Zheng SEUOSR A #h: W)
2% 77 ¥k 18 13 75 R e B ot kR A B3LY P AS et
JEpR%L, T Vargas Hernandez!*Vfi FH U1 -4
A A s i R X R E AR I R iR 2 S
BT ROM L IF TR [F] Y 25 B RS
Nagai S5 ONIIE T2 28 731 HoRs i 1 5 T 20 A1
FRE R E A ML 7 2 R RGE A Rz pR, L
FH T 0 R 45 pi 2 ) 28K 9% B2 N BE R I R I
e, JRiE I S G R R AR IR KT R

2f 22 5 48 f {1k 2% (semiempirical quantum
chemistry, SQC)i15 J5 ¥4 7l W F T4 KAk R 5l
B A MR TR, (B SOR AT RR
ML-SQC J7 ¥ fd AL &% 2% ] BTk i e 2 2 00
b2 SQC HE kS8, I T Ry
FHMAILFDER B, TITFEA AR5+
FHIRAF 0 AS VE 0 ] o 32 e v B2, PRIt Rl ]
T im i et N TR RE-R T Ik
(artificial intelligence-quantum mechanical method
1, AIQMO) TR0+ Ji2¢ ik, &ama
W28 AL J A-HL#R 2% ) (A-machine learning)iff
8, TS 2 WA IR s v
>, AT LA M AP 2 B i 5 22 A
HRE . DLCw g bR ME RN G K = T 1% (coupled
cluster QM) 5L IRERETFE M. 2R R
PR BRI,
2.4  AIIRFIA QM/MM IHEEIHA

T N5 0T J15 (QM/MM) 4 6 7 15 H
T XA R 0 A2 B AT o5 R R BB IR B R AT T 43
DCARTR, (45 A M)A R Ak 2 SO 1) 3SR AL
AR RE . ANHTSCHTIER , ARG B 12 U
i T2 AR AR T 0RG B AN SRR
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TG AR AT, AT 50 B B %) i ] A A e i
BB, (R HOKs A AT A5 F 128 i Rah &
Al W TFET AW E AL K3l
QM/MM 18 HA HEMEE, #ilun, Pan
AUy 7 T4 MD B AE e Al T 250
IR ER 2 BRI S ALES 2 S B, IS Tk
R FORTEE A QM X I Tl Fh 3 e
U A o =N N A I AT I R G S
QM/MM A5 AR S B A (B, (HI 5
R KRR R . 76 QM XA MM X s i 4 1
VEFI 7T , Boselt 25 007E 25 4 i 28 [ 2% #(high-

dimensional neural network potentials, HDNNP)
HoRE MM IXAE D B R TR & 445 ) HDNNP

MEFRAR AT 408 QM XE3aE i, [Nt
MM X 2: 33k A e QM XA, A
IS A-BLAR2 T SR, e ARl A D24
AITEOL T, B B ek PE THA ARG L

3 ZihERYE

BE T Wy PR P A ST SRR 5 T A A R
HE MR R B AR AN B AR T A T SR T,
ML FREH R AL BARFA R T X2
A=A i S A RZOOT M R B A BT RE T . AL
550 B B B Rl A B RE TR AME ST B BRI A
A, SCRATHESH TS ) B S T

AL BORTEAUH Y BB | (AR AL~ 15
B, i Z R IR, 15 A
AT BEARAR P AT O R AR R AT RENE, 3wl LA
PR Rz AL M M RE T, Ml it 3
B M. A oo Py PR RL, I A 3
W BARMACA S FAEZ h 9 2 %, mT 4
Bl IR RLIZ AL RE 7, DT AT A A 3 Y
A2 AR B E 1 ) B B AR A e A AU Y
R G SEBLRRERE ST, I T R B
IR R O R . FHET, U598 A 0 2l
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i i A O A A G T B B R B B A
Bt 2 2 AL S0 45 8, DACRAIE T T 00 285
HUEAete 23 X2 4 s

BZ, AL S PR R K Sl G TSR A
PRV ARG T R WU, FE T At
AW R G5 2EAE S RE R LA P A v At 1 A
BEGNTECEIRTE 2751 SN TS E 5 % N KPS
HE V2 PRAL, 855 RHME RoCE 2. AL
R WM AR R . ANTRERY
KNG WAV F KT EILF S T, T PHEE
&, SR SEHOR A KRN o i AW sE
BRAMEAL, AT 55 2 s B Al 0K 2 ) S AR
PR B YR o 1 S RE R BIF 52 £ 11 B 1
L MERR B LA, s A Pyl P e v A
JLPFBIBT S BIH, TA & BAEE FIAE )
] i S8 Iy A TR A B S

1B & STk = ¥

XUt s D7 FET | SCHIRBE RIS 1
e SCHRIRBIEA etk S5 FRNE . SCHRIR T
MRS IR B PR, YBHE T MR
R .

16 # A 25 ¢ KT 7= W

VR P W B AT A RT BB 22 52 W AR SCHT AR A
TAERE AT R 2 8 AR R
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