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Bl 1 (W4HUF () A THiik Sabatier IR A LLIE BHZE. (a) JILITE HIZE I — MBI X, 7o P 250 BH3E BE I AR (%) RS et 3tk B 5 KUY, Copyright
© 2021 American Chemical Society; (b) ORRiIFER) =2 K LB HHER, BEAALFR ST B FROH S OB R SE I 7E 48 - I [ RE. &b TR 42 & Hh Pt

BTG PE TR 1), Copyright © 2004 American Chemical Society

Figure 1 (Color online) Volcano curves about the Sabatier principle. (a) The general form of the volcano curve, where the reaction rate reaches its
maximum at moderate adsorption strength!*, Copyright © 2021 American Chemical Society; (b) 3D volcano curve of the ORR process, with the
horizontal and vertical axes representing the adsorption energies of OH and O species on metals, respectively. Among these metals shown in this figure,
platinum is closest to the activity peak!'®), Copyright © 2004 American Chemical Society
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Figure 2 (Color online) SISSO results of small molecule dissociation reactions on transition metal surfaces. (a) The fitted formula, where the first
term corresponds to the coordination number of surface species and the second term corresponds to reaction energy in the BEP relationship™. (b)
Model performance on the training set and the test set. Copyright © 2024 American Chemical Society
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Table 1 Applications of common machine learning models in theoretical heterogeneous catalysis

N A ZR R 2 R SRR Sk
AR AR U F RS i AL RA T DT/ [27]
e S AL A I S5 K-meansZ 2 i T B ELAT 1 T M A T [28]
BB R A RO s pur i ElE! AU 52 17 R (AL B [29]
FAFEAK IS AR S SCRE AL i — S AR TR [30]
WA A YRR LR FNO, PR P AT Y B R s [31]
B 24Ni, P T SR FEHLARAR T 24 BE A A AT [32]
4 B AR 1 CO U 17 XGBoost TNFA )68 5 P W B B [33]

KA RARRRIER, EE T RENEIMEE TR,
£145 L Amber®” . CHARMMUPSU {02 (9401 12
YR LIReaxFE UM KA R R 137 SETFHLAS 2~
Fr U HJE N T A2 2K (artificial neural network,
ANN)FLA Hhe i i 228 AR 20 22 90 AR A — 2
RO AR T 104E K ResNet!*?! | Transformer!®!
IR Z M 4% (deep neural network, DNN)A HA%%
HERERAE L R IHUR SR > L RO R
B R R SN, Aldess 2 38 ST
W Z AWEERAC, JF 2 0 T 2 AL R
TR, EATRE Y R 78—V B A
B4 2 ] RUBE RN A (R OB, RS2 BLIGET I 22 1 HI A%
BT EMELL 8 S AT 55, IS IF9T & REE X
AL ] EUE 48 ) B

BT ARG SRR AT 55 th A FH AR [RIBIL A% 27 > A
RUBERE, Hlasse A E Lo N EE TR E LR 2= )
PR T N TG ML F T B, T
DLIBLAS 27 > SR A% pREICK: J5 S5 R 7 e 4 25 ]
Fr, T LR R S FVRE R 14 e 3 [ 0 SR Ak 4G
FTF RGN, A8 R e 45 A 2 7 B A 114
S5, TG FARETH . X — ARG EAR R T S i o
#(Gaussian approximation potential, GAP)* | 4[5,
43 (spectral neighbor analysis potential, SNAP),
DA KRS B AL #4527 >J (gradient domain machine learning,
GDML) 5 2 B H A FR AL 4 X S B T A% vk
FAIATL R 27 2] S LA AR T /1N 8 2 00 FRE X TR T 1) 5
RIK, R L E BIECT- Wi D N 2AE 52,
IrremAgE TR R R R R, PR TR
FUASE [ B AL A 2% ) Sk e, e ik e ) J 1 AR IR i
BORMFIREEST. SR, IR LR S A KE U1 25
SR A FEAAEON)~O(N ) i 4, MELITERT AL
KIBLRE RN ISR, Al RErEAA R, Sz

AR Z A AR R INEE ). S22 XN, T AT ML
I Z5 R HL RS 2 2 3%, SURRFHZE 28 #(neural network
potentials, NNPs), | i #1225 /0 25 S e IR 22 Fh 4%
5T fig B DT SR A E IR B R . X — A A
A7) [ Br AR5 AL 27 B 22 (TUPAC)IASE F920244F
FEACF G R SR ARG, B SRS 1
FEART R, R BT R R B R
RIS F T AT, M TR, MM A
TR 2 Z N A Re R BRI B, (HaX
— BRI M, BEAE LT 2 LT i %k
PETUILE, FFARIGXT 1z B4k 225 [A] A 2R s A e R
fig S8,

i 2 o) 24 S5 1 FF- A T.AF /2 BehlerfParrinello
20074F-F 1 A BPNNHA, K XTI (14 e 4 b £ 1) 245 44
(high-dimensional neural network potentials, HDNNPs)
L) BRI A A P 3 (a) B R P, SR
R A )2 =35, Hof A )Z i — &R LU F
AR TR R AR R S B AR A,
BATEFRAE T H 0 X B PR L (atom-centered symmetry
functions, ACSFs)®Y, i LIMARSANE T o, %
S8 H 5 T Bl ) L] 2GR A9 AR 1] R AR (RO AR ) . £A1
Ti1) PRES (AT A5 25 T 1 SRR A 1 2R iR B &
AL, REMEAT LR R R A8 1 Jm Bl b 2 PR B R
fIE. IXSEARAE 285 Je S a2 Hh A L 25 I 246 4b 2
Jo, FERZ )2 A R AR R SRR R Y BT
HROUFR A IR F-RERD), FMAUA AR M CGEREN) BEEE.
SRR A R R T B AN, IR R S
FHERIR AR ENEKR, BRE—TRNSD T
e [m]— ML,z > 3 ek R e
HAHARFFACSFs, “ERIENTIE AR R 0 552 77 (B
SRR B AN HAE N AT AT SR A, 6 e SRR TN
ARSI, IR R AU BB 2 P AR 2R A Y

4085



M4 Z 8B 2025588 FI0E L2441

(a) Cartesian  Symmetry Atomic Atomic
Coordinates Functions NNs Energy

»

eeececece
eeeceece

@@
b
@ @
bl

»

3~ @~ EB- 0\

. . b )
B- @~ ED-a
@- @D~

eececee
ecceoe
eececee

eeece

-» W~ CEg—+

o
S

\\ i | \ !
\ L i

. E q

L8 ;

b

AG, (eV/C atom)
&
~

0-Fe,C

S
®
b
n\/=
/-‘.

0.9 2 oire, et

Hc=-6.60 eV

0.20 0.25 0.30 0.35 0.40
Carbon Atomic Content (C%)

0-Fe,C (Pnma) x-FesC; (C2/c)

o Fe

x-FeC,(100)

AL
> -

e

Al 3

B 3 (4 NUR () o A 22 0 5 A 000 I FAE S MRS PN . (a) B MR, B rh =R (SR =R R TT R 2%
AU Copyright © 2021 American Chemical Society; (b) £ T-SSW-NN T I RGN K FAT A MR T 8 WAL & WA 2# M alE,
B BT AR SR A AT S5 P RS540, Copyright © 2021 American Chemical Society

Figure 3 (Color online) HDNNPs and their applications in heterogeneous catalysis simulations. (a) Architecture of HDNNPs, where the three colors
represent three different types of elements®”, Copyright © 2021 American Chemical Society; (b) convex-hull and most probable structures for the bulk
and surface of iron carbide under gas-phase environments of Fischer-Tropsch systhesis searched by the SSW-NN method™, Copyright © 2021

American Chemical Society
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Figure 4 (Color online) (a) Model architecture of EANN potential®”, Copyright © 2019 American Chemical Society; (b) large-scale GCMC
calculation based on EANN potential revealed the structure of Pt(111) surface under different oxygen coverage!®), Copyright © 2022 The Authors,

Open Access
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Figure 5 (Color online) End-to-end NNPs. (a) Archltecture of DP potential, where the descriptor extracts features of many-body interactions based on

matrix transformation of local internal coordinates'””
interactions””!
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I: (b) descriptors of GNN potentials, the nodes save atomic features and the edges extract features of

i 1) iy #1268 P 28 ) 0 — B R R R TR R
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Catalysis, the science of accelerating chemical reactions and regulating the selectivity of reaction products, lies in the heart of
modern chemical industry. Typically, catalysis can be categorized into heterogeneous catalysis and homogeneous catalysis. Over
the past century, heterogeneous catalytic processes such as ammonia synthesis and Fischer-Tropsch synthesis have become an
indispensable part of the chemical industry. In recent years, the rational design of catalysts has gained a lot of attention due to both
economic and environmental concerns, which has raised new demands for a deep understanding of the mechanism of catalytic
reactions. Machine learning methods as one of the most important areas of artificial intelligence (AI) are becoming more and more
popular in practices of theoretical simulations. This review gives an overview on various machine learning methods and their
applications in theoretical heterogeneous catalysis.

Starting with statistical learning models on small datasets based on specific physical descriptors, which play an important role in
early theoretical heterogeneous research, this review analyzes how they connect linear scaling relationship and catalytic
experiments. However, due to the complexity of heterogeneous catalytic systems, sometimes nonlinear models can be essential. In
this way, the exact form of equations should be obtained before fitting, which is extremely challenging. This problem can be
solved by methods based on symbolic regression like SISSO to obtain a set of expressions, and the researchers can select one by
their domain knowledge. This review also shows the applications of some popular machine learning methods (such as SVM, PCA,
RF, etc.) in research, most of which are based on specific descriptors, simple but have difficulty transferring to other systems.

First-principle calculations like DFT are crucial in catalysis rational design by computational simulations for surface structure
determination and reaction channel exploration, but they are impractical for simulations on large and complex catalytic systems
due to high computational costs. In recent years, machine learning potentials (MLPs), as tools to bridge the gap between first-
principle accuracy and computational efficiency, have pushed forward the frontier of theoretical heterogeneous catalysis. Popular
MLPs (LASP, EANN, DP, GemNet-OC, MACE, DPA, etc.) have numerous applications in this field, from global optimization
and molecular dynamics of active surfaces under reaction conditions to automatic reaction network exploration. Recently,
universal machine learning potentials have gained much attention and are very promising in heterogeneous catalysis simulations,
for their promising capability to encapsulate huge chemical space of the whole periodic table in one pre-trained model, which is
easy to fine-tune on a specific chemical system, efficiently deploying a specific MLP with high accuracy and transferability.

Recent advances in generative models have shown considerable promise for heterogeneous catalysis research, and the dramatic
emergence of large language models like ChatGPT is especially important in this case. LLMs can incorporate information from
massive natural language data, having a huge ability to push forward the understanding of topics in catalytic science. Furthermore,
the concept of generative models themselves has much potential in generating novel catalytic information directly without natural
language as the intermediate, but their application in heterogeneous catalysis is under limitation due to the lack of large datasets
with high quality.

In a nutshell, machine learning methods play a key role in theoretical understanding of heterogeneous catalytic systems.
Challenges remain due to the complexity of heterogeneous catalytic systems and lack of high-quality dataset, but the era of Al-
driven rational design of surface catalysts is truly coming.

theoretical heterogeneous catalysis, catalyst rational design, machine learning, machine learning potential,
generative model
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