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Fig. 1 Material discovery and inverse design
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Concatenation of eighty-nine 11-dimensional vectors
gives the 979-dimensional representation of each material
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Fig.2 Atomic bag representation of AL,O,"!
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Fig.4 Molecular graph of cimetidine
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2-methylpentane Adjacency matrix

Additive adjacency matrix Distance matrix
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Fig.5 Structural diagram of 2-methylpentane and its corresponding adjacency matrix,

additive adjacency matrix and distance matrix
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Diamond structure

Coulomb matrix 10
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71117 7.1 11.7 7.1 11.7.11.7
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11.7 7.1 11.7
11.7 7.1

Ewald sum matrix

Sine matrix

Bl7 £NAZEHREES Ewald kK, IE%ERED

Fig.7 Diamond structure and its coulomb matrix, Ewald sum matrix, and sine matrix!

27]



55 2 1

B A N TR BEAE Bk B b 4 L 121

PR (VoronoD B He R, 45 & 2 T4 i+ i 3t
M2 42 2Z A 2 Y R PR R Sk B E . Voronoi [ AT
iR Ry T i K S RN 5 (AP R DI R IR U
(MRS ) A 1) it A T 1) T 40 Sl BN I
L B AR S O 3 Y B AR R BRI 7 22 1T AR X 2
By PR R B, [ A R R A B A% O B A . By
T A5 b e 22 Ffoe 281k 0, A H - Bk T A
R TUME . Ak, f MR 4 R AR B CT AR LR/
XFRRPED WAL ME R 350 B HE R A

neighburs search and property labeling

° °
©
o {O *—@ }0
o
(<] O 1
Decomposition to fragments
Nodes (atoms)  Path fragment of length /, ~ Circular fragments (polyhedrons)
) l=2,3,... ) O
O |
—o— e | e © o)
Edges (bonds) o000 . %~ . ° ~ ®
—= *—@—o—0 o 0

El8 PLMFH#iERERE""

Fig. 8 Construction schematic diagram of PLMF!

W 58 B 25 K R o0 o T TR 5 — R s, 2 A
A B R TR R B B B 9 o AR
B AR Y (NaNiO,) B9 O3 A7 A1 P3 A fib 1A 45 4, 91 Fif
g 1Y vy BB 43 A TR R = e R TG A
IEE A E RE R B N 1R R R A Y e R BN
AN AT e N s (R Uy S ] R T SE |
B 1 1R, S B XF A A S5 R 1 8 R A
R G i% T R TR E A s &S
o3 H R B A R RV S 4 R R AE 5 R S BR B
G R AP T R

1 N a1 = R T O N A I 2 o BT
TR KA g AR R R T S DL R
ESN IR SO B = N N R g e S T
PARE AL, DU) 5 B2 0 Y A (L 0 R ) R
1.2.4 36ah 5 m 5500 FFNE R AT 8 R g RR
k3T B AR B AR B0, B AT AR A I T 28 A R ) K AR
(4 20 6 o0 9 B 24 5 4 2 5 50 28 L] AR OR
], 3 T ARHOHH FD 0 Rl R A5 1 B S AR B
SiiBuRel EIL ARSI NN 7S | e AN & LR f e 7]
W Z5R o anE 10 B, B o SCT A5 38 (BR R A 1T
XiF Rz A DU A (Bett B0 o B IR 7242 3 BN O - 4R
BB, T A5 B R [E] 1 S EARRAE IR DLBRAE N
HARTF PR ILE 11,

e RY N SN R o ¢ el 6 e SN O P I B

Voronoi tessellation and Infinite periodic graph construction
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Fig. 9 Structural diagrams and sector diagrams

(f) P3ETEH

of NaNiO, isomers'"

Topological invariants: Betti numbers
Betti-0 is the number of connected components.
Betti-1 is the number of tunnels or circles.
Betti-2 is the number of cavities or voids.

/ Point Circle

Sphere

Betti-0:
Betti-1:

\Betti-Z :

E10 #HIVATRREEHED

Fig. 10 Illustration of topological invariants'
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All-element representation of cyclohexane

0 2 4 6 8§ 10 12

C element representation of cyclohexane
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Fig. 11 Construction of persistence barcode and elemental topological descriptor
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Fig. 14 Construction of 2D diffraction fingerprints and examples of diffraction patterns
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Fig. 26 Overview of the CDVAE model™”’
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oA B PE S A S YT HOR AL LG L 8 S
BT AT AR R, IZ AL TE CDVAE By B A I,
B SR R A RIS | JE P TN 2% 2 MR T HE O 0
e, OF R W By BEUIN 2Rk m , an &1 27 it o 55— B
BB A U Ak g 15 2% i B 2% 5 100 &% L R e 1
D453 2K 20 BRI 25 [) 5 40 8 A L i 1 ot 4 A 8 A it
25 B P AR A R BE ST DDPM I 2k Je 5 e ok
H b J& 1 il S5 Ay v AR A A, G MR R B D
AR A IV SR B vE AR B L TR AR BRI B, R ALK
WIEE 0 B Ar s 2 0 A B 58 5 i A RIS 2 A
R 5 5l 0 ik AR 00 i 1 B BBl 6 A 30 e i A
He, DA 2R P 0 728 i X S0 72 1 5 @ PR i AR
Bt 0 00 J8 M A 0 i A 2 G e A — AR AR
A, NI A B A B AR JE P B AR ah b . S A
IR A 551 A w AE R PR AR b R B R
DFET 5 iF & B 94. 1% 19 A= Bl 25 4 0T B oy 5 %, FE
22 Bl K 5 I R R DT C , 5l Sk BT A 2E A
Bl M TR T, Con-CDVAE i i ik A J& 1
KM SV BRI RS TR AW A A A b e
O 0 Rk R OR SR T i — 2P O AR R R
LA G, LABR TS TR DG RS B o

Treining [ Predictor | SV
M=(4, X, L) — Encoder e
S(',CDVAI:

¢
o - e

Properties = = Step-two
. e S
L]

Generation

L Decoder I—b o

Properties——>|  Prop,

27 Con-CDVAE fyi)ll 7 72 & >
Fig. 27 Training flowchart of Con-CDVAE""

CDVAE J H: Bu B8 Az 1 9 b1 )oK 18 56 42 il
FE VB AN 7 W R ] ST R A ) 0 PR A SR, R B
Az AL 8BRS B A2 IR, PRT Ok G ] o A A 2
Py 3 FR A R R T — KOME RS LT Luo SR Y
X} Bk B 0 A4 B (symmetry—aware material , SyMat)
A R R S o S VAE 538 T B P o R
TG A e 1 ) 400 1 Ak 2 B v e R e S A
W, SyMat #8142 T 53 )2 A BUAE B - S R
VAE AR5 52 B B K di i 2 80, i 0 R
AN 78 S B A R B Xk A i R Y s e 5 LUK,
BEXT IR A b 10 52 2R 23 1) 3 A, 51 A KR T 20 By 9
FORE Y 38 3 22 181 3R s g At ) S0 AP 4 4 BT OB A B
A B A SRy 300 BB 43 R B, I 45 4 SphereNet 22

T O o 50 R BCHE T B 7% B B 1 AR 4 A
A PE L 5 LUAE B ConfGF il DGSM % T./E A A,
SyMat i 2 £ 37 WS A B 23 5500 i Ay i 3 3 B0
JALA, I SR F 2 M8 43 H5 VG 0 A 22 )1 ZRAs AL, A T
FE 10T R v T A o X B M 2 T AE BE AL AE B
155, SyMat 7E 45 ¥ A 80P TR 43 i & e S A3
fife A B 36 4R bR L W 3 88 CDVAE I G-
SchNet, Ait, SyMat i i 43 25 )5l 1 2 8 5 AL AR i
A TR AR L AE DR F 25 0 52 2 vk IR i, LT VAE
R A A R S B AR R, 1E L AR R A AT 7
B 4™ HORE TR A R R

VAE K H A AR AR 58 5 3 2002 > bR B8 1Y
TETE 3 A0, O 8 RUBE A RE A 5 1 8 O Ak 42 43 T8
R o HR O 7E TR S A — i R SR S B AR B

8o VAE SR T 855k 5 AR R 1B AL HEBh
A REAE N BE AL PR R 7 1) ¢ E [ BT B R RE 1k
BRAT .
2.5 ETHH&ERENTE

PO AL (diffusion models ) AE A VT 4F Fr M4 4 A=
AR, A 43 B Be W 75 TR AT 3 2 R A A 0 AL
i, 38 3 2K AT SR R B B AL B HICA e R
P p 28 0 255 2 o] 300 p) 2% M g AR S IR B HIE A .
AF [ o R 2 T 8] R SR W 3 22 Wi R B o0 A, 1)
ao e U T I A TR TN M 7 O 0 AP A J R AR
o KRR SR IR S T A Y T A R AR AT
HOHE o3 A (5] I B 25 AR5 20 2 ) A i 5 e

T &t PR RE A L4008, 4 BIORE R 36 o 45 5 X Bk
PEL P S5 AR L) e 3 2 W 1 . Tsukaue
SRR T — R T A R O 2 A X
SF LR AT A iR R B AR T A AR A . 3% B R
Tweedie 23 2T 55 0F 73 70, 85 A7 2 5 S8 A1 0 B8
2y SRl A R T O B TG TR A A AR T B
T AL B8 Z5 AN A T AR AR MR AR — 26 44 X 1 [7)
. SR I%07 I BB AT RUE AT B AT 5 R Y
] AL R 2 A E 7 Ak IR 5 F AR 5 BRI &R I
fF 78 Bk % . Sinha & W] £2 H T StructRepDiff
(structure representation—space diffusion models) , i
SURCE/N I SUN E i 3 T NI UIE /5 DO S c XA
1o RV BRHERAT Candm AR %5 B G 5 5 1R
SEAE B R A 00 VB e B AN R NS O
I A JEE DI A B I 3 s ) i R L AR s ol
TOE A R S R R R IR R R . T
EAERRME N b R I 6, BAE A BRI 25 1 1
AERAF . Levy S8 IR F S (AOG Btk 1 o X A 45t
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# 1 T SymmCD (symmetry—constrained diffusion
models) o 1% HE 4L I F R X FR 50 5 X FRAS e B A
PBLE], W 28 B o G 3 ik A A Sk AN R R
JC S H FR A L &5 A - E 0 B g 6 X BR R AR
KRR A i R TP AR YRR A T RE XS AR E . K
28 FE PB4y RN T 4k pAm XEFR M A A A b L H
H R T ik BT o 7 R R 114 R 282 A B AT
FySE B RS K, B3 PR T T ARAE Y . 1 28
AR W R 7R T 9GS R B RO BLR B e T

28 AT 1 X R SR S A 5, X A A D R 2
B R S, X R A AR W A 2 M
o e A R R A (R RE T BR M R e T DIfCSP
CDVAE A= Bl AR % BR PR 5 A& /Y ] 8, 52 56 3E B,
SymmCD RN AL RE AL i 2 £ 4k 1 = % Bk ik, FL7E
WERCE R ER TSk, X 33 TAE 2 51
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AT A R L T 2 A R T R
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Fig. 28 Schematic of the SymmDD framework""

15 SymmCD 5 £ X F) P 2 BEAS TR, Chen 45
& i 19 MatInvent (material inventory generation via
neural transformers) fi 4238 i 58 £k 2% 2] (L AL 9 HA
R SCEL T H AR R 1 Y 3D AR AR . MatInvent $f
E W By 20 TSR R, 5 AR il In A KL iE
Ak 28 55 [ml i Je 22 A Pk ok g 4% L 7 22 T8 Pk AL AR AT
% R . Khastagir 82 H T — Fh 3t F
VAE 5§ #8814 B A HESE Crystal latent diffusion
model (CrysLDM) , i 32 K 3D & 4 45 4 bl S 3] i
Y oS ], i D 1 AR e HOBE AL A 5 4E R AE 23 (]
A R I 2R A AR AR S 6 A I A AR 1 O
AR, %7 VR EGNN e fid 2% 8% A Ik 45
4 S B Ay SF- T B VS E O B AR B 8 AE (IR 4
25 [ EAT , NI H% Perov—>5 Al MP-20 $48 4 1) R FE
PR 4 BT 2 CDVAE B9 32 £ R 45 %, [l B 2 Ji
OB R E P 5 DIfCSP A Y o 3k 26 T4 i fa s
] o 2 45 0 A L Ak S5 ) B 2 Rl G 2 R T
TR RS MR, W REZ R 5T
9 32 B L A ST e W

a5 AY AR R, 2415 5 24 bR T E
157 g8k E . Park 73R Y Zeolite diffusion
models (ZeoDifD , & UK DDPM L H F £ L #4 ¥t
AR, DT GAN TE A BURE Wl A I 45 7 A 250 PE AR
Y T) R I 29) o LR Wk A0 Rom AL & e i i
R A AE ) = 4 A (R 29Ca) ) 5 Hovr ) BE B 4% 3
b HBE PR SR 5 A B S A VR e T RS
B, A0 AR 0 A ) S e e ST R RRTE B AL AL A
1, 4L AR RGBS 19 = 24 A %R, il
I T A 2 M AR (I 29(b) ), B Y A BE ML IR 75 R g
Ao A R B A AR o A R = 4R A% LR 29C0)
=T W WS oy A, 2 e Ak L B A R LB S D
AR T A 2= A BB A AE SR . AR Y A%
b — B IE, WE R T A ke G
M. 5 ZeoGANMI L, ZeoDiff iy 45 F9 A S ME4RE 5 T
2 0005 LA b o WFSE IR SR 1 9 B R A 22 38 1 40
P RAE LW RE M. 55— 5, Lim 8875 (1 0F 58
BT RORE A M B RO i, R R T — R 2%
PP B AL, U UG A BRIT /0 B o R R L T
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UNet Z44 , 3l i % A 25 ¥ LA {5 8 3000 17 7 73
fii , JF 45 & 22 B AR A2 iR AL 5 W 2480 1 A
TR SRR W5 SR T 5E 7 DDIM SR A 42
THAE AT M, IR B0 1 A OB A B8 A AR L

Zeolite structure

Zeolite grids

() WA LEHFRIRTTA

PRI 5T 2 5 T DDPM HESE , I 3 i 26 1 A i i
BRI INRE , 7R 1 7 Ot U 7 52 2R b R 2R i 5 1 g
Al b i 35 1, O Z2 AL RS G BRI RE 3
IR T AR TR

5 }g Energy grid

[ Silicon grid

Oxygen grid

¥

Denoising
-
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— sis =) — P
1 w'n
.
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X7 X1 — X, Xy
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(b) i i

(Random noise)
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(o) HriCRAT
29 ZeoDiff #1T# A &M A Y BiREE""
Fig. 29 Diffusion flowchart for zeolite synthesis using ZeoDiff"”!

OB BT A b kA R s L L R B T
HAE AP AT e X Bt 20 ol WMk 5 2 RUEE 454
Vit 7 1 WM 00 o MG SR AR B T
e DR LR R X PR M A B AT AR A, S A A
A A AE S T BE T 1 R R BT T RE TR %
o RRBEFA P HRR L RERE R 3
YV S L 5 S 5 EHE 00 PR PRI HE B 4 O
YDA 25 ¥ A= i v P BB 0 A Ak — MR AR
T AN 8055 BL R A4 B B T MBS Z T RE S &
BHE R R AL K B AR
2.6 ETHMBXERNTZE

KB FH A (large language models, LLM) fE

Sy N A R SR A PR R, A SRR T E
I Vg £ A T S 5 AT 55 3 O IO b A R A B i
A A e th R R AEGE ) o T Trans-
former 2244 (1 1 T 2 3 AL, KIE 5 AR ] 5 &4Hl
PESCA F55 5 45 i A EUE Z 18] 0 22 4 OQ B, T 45
Bk ABCR A B ZE R A AE B .

VT AE R, THI ] 2 BE A 9 RS A 5 i AE A RE A
B I W ) . LL AtomAgents Fil Honey-
Comb g X 3R (1 2 2 e A HE 22 , 3 1o Py [m) 3% 5 2 4
SHEAE SWAEG B TR Rk TG — A
FR 1 . Ghafarollahi ™ R I T — P T 2R A £
BRI N T8 AEF & AtomAgents, 18 i @l 5 K15
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T SRR TR S T A A A i
BAb. ZHEmET R TR B2ER
AP BN B 3 2 1 BB AR I 4%, g B AR i
P T B 58 BAT 55 o % HE B2 1 O BB
1 TR Py B0 B T B G 4% i A LLM A9 4 BLAE
it A= bk B R AT G 4 RERE 2 IR, SRR 0 3 N &
HARAL TR . 5280 2, AtomAgents 7 B A T
THAEL T IR T SRS RG 4.5
E T H AR [ sk AR 77 o Zhang SN
T E B2 LLM 8 881K & 48 HoneyComb, H:
¥ 0 BB AE T 2 & AR MatSciKB 5 1. H 48
Tool-Hub P [A] . MatSciKB % & 7 &5 it & ik
N5 B AR T Tool-Hub 3 2o 15 44 = T 24 1%
J5 A B FAPL, f bk T LLM 76 4 BT EAT 55
ORI AN SR -0A I Nl (1 PR = o S| AT S S

HIKg " R =, W 32 T T A A M A Bt
ZHEE

53— IR N R4 B B AR
Kang %" L 3 F 4 J8 A HLAE 22 (metal-organic
frameworks, MOF) B9 4= i AE: 55 , L3 89 ChatMOF
o i ae k- T HE-IE "3 228 . H P
o B ARE T A H bR RS R R AR TS T
KoL UE AR B He oty i ik A5 K, JF R
MOF Transformer 55 % 5 7t i) 4% 57 . 4n &l 30 fir
7N, YR AR A AR MU B oK LR AR 1Y MOF 45
P 73X — T SR AR B 23 i ), B B
rh i 16 A A FE IR, O 3 g 3t A AR vk AR AR R I
gt 2 AL AU LTS | B2t s 2
Fe 2% 1 AR 235O0 T 8O R b i 2 80k B . Chat
MOF ¥ 56 ki 2% FL 5 A48 gl = R, SE g 25 52

Question: Can you generate the structures with the largest surface area?

Thought: | need to generate structures with the largest surface area

Action: generator

Action Input: "Generate structures with the largest surface area”

roperty: accessible_surface_area

[geners

... (search table)
cif_id
2664  pcu+N47+E33
1411 pou+MN274+E32

8 pou+ME13+E90

load model : accessible_surface_area/best.ckpt
Predicting DatalLoader 0: 100% | NN EEEEEENENENEN| 1/1 [00:00<00:00]

ht: I need to generate structures with the largest surface area

tor] Find Parents: extract cif_id and accessible_surface_area of 100 materials ...

Accessible Surface Area (m”2/em*3)
5808.59
6714.84

5665.73

[generator] Get Children: generate 100 new materials with the largest surface area from ...
[pcu+N47+E32, pcu+N274+E33, pcu+N234+E47+puc+N613+E274, pcu+N85+EB13, ... |

[generator] Generate Structures:

bash

Generate cifs: 100% | HINNEEEENEEEEN| 1/1 [00:00<00:00]

... (run N cycles)

[generator] Final Thought: Based on the generated CIF, find the materials that has the ...
... (search table)
12718
cif_id rt+N535+N234

accessible_surface_area

6411.28173828125

Observation: The answer for question is rtl+N535+N234

Thought: | now know the final answer

Answer : The structure with the largest surface area is rtl+N535+N234

B30 AEREERGIETY

Fig.30 Example of a generator[

101]
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/R HAE MOF A= iUATE 55 ik 21 87. 5% 1 A 1 HE
F . Ding " A9 MatExpert 3 i “ K R -5
- L = B BOHE SR BN 26 R0 R AR Ak i
B o %7 R F AT H A ) X 55 6 R E M S A A
W, I A B 2 HE B IR B i LLM R 45 18 0
AR o

1E NOMAD %4 48 1) 2% 44 28 iU AT: 55, MatEx-
pert 7£ J& M 50 A A AU B 5 R AE G HR bR B IR
T Crystal-LLM., X W37 k45 ot Z B B e S
U T BB S G, S bR 3 BT R A T A
R

blike o T G RS OAER Y S B R Rl S Y B W N 2 i
T a5 A S A A BT 5 R TR IR B Rl AR M
AR TS IS 58 i 1 o i A T AR L Ak
A TRE M A RGE 0. Sriram 5142
T — B A A HEZE FlowLLM 6 LLM 5228
W VCEE (riemannian flow matching, REM) #2454,
il TR T A% 8 B TR AR 2R b R R 2 A
55 7 2 A% S 8 U R A 0 AL i T T
i LLM Az il T SCAR 19 i i iR % 7n , #LH REM
TE TG 25 AR OL AR 0 B 5 ks S8, ik T
P HOR B A B BT 5 A RS i SR RS B A (]
() Jay PR o 5256 B, FlowLLM A= 5 Ba o2 #1 8} %
BRI A I AR T 300, A 4 F T 2 5 vt
A, BERACT G AR . Mok 45OV g X
RN T CatGP T, 38 i SCA 7 91 AR A4 % 2 Tl
5B I S A AR o Dl i e A S A
ACME B0 UEME ST, A T 51 AL T BERT 4 53 & A5 I A5
Y PR 58 B S5 A0 5 A L) R, Ol o ge
GRS T A A M. S8 o, Cat
GPT A= Ui Ak 550 1 454 A 2P ik 99. 7%, HRT A [n]
A BE TR A SN B v A8 AR SR T I AR
TR 2% 22 43 bR AE S i L . b, Tian
AEN TR S B A RHE ) Steel BERT , M8 T M H #&
T R B AL R Y g B s S0IAE 42 L %7
W B9 Bk B 43 55 0 T R SCAR B A SR 1R SRR AT ]
MR T L G RRAE TR TE 4R SRR R s P
i I 11 S S O A L B R AN = N S TR R A & e
RPN T AR R B E R M A R
BTN Rl s TR R BT A o R AL 3 5 9
B C 0 A 1R T 5 B SR, IE AR HE B MR AE B
A FH A 2R3 ) AT 55 9K 3 0 RS & 1T

AR B g A DG WF T, 48 % T RE A P [ AE
L0 55 G B 5 A B R Y S PR R R . B ST
AR 2 A AR o AR A B RUE R AIE T 5% 45 T TS

T 11 300 B 8, T e 7 DR R A 22 R A 1 [ B A R
ORI R T) A3 M B R T — A A KA
TR {1 B G 5 1)

AW T ATEEM BT 5 & 3 1 £ F
5, B HEIET GAN .GNN \VAE & HiU R 5I fil
RN RN (SR i BR8N NN Y ¥
R B T 1 BB A 0 R A R L o s A R
i % BN AL L 72 . GANSER XTI ZRALE] , 26 G
BLAEBE B 43 1 0 22 L A4 Rk o) 2B B S T
R A H AR A A H T S A G E P G B
PE 5 GNN G i 151 455 ) SO o 4l B2 J5E - 1l A B4R T
506 FR M 24 R E AR s B AR RO 5O
U8 s VAE DhBR s (8] R 46 5 8 # o0 0 B /AMNEAR G
BB S = 4 SR A i R B S, (0 AR AR
2 FEME 55 R4 A G 32 B T HIOR R S A S B B M
FEE A AL e ML TR R s X R R 2
FLAE R w3 5 B B T A A v 28 0 A% SR 3
EXF 52 2 A 3R 149 A6 BUATY T I Bk %5 b Ak OASE A S B
T AR A SRR S AT 55 S A E S (H 1 B
RUBE Bl 25 Wy M S 5 30 0 24 AR e v O W T AT i
Fritk— PR, Kok, G YA R MR G
5 A AR B R B R AL 4 4 3 b RL BT I BE AL
PRI ] DI RE T 1) 7 00 B B B, n v RE A R
H5ERZREERZGERMLER .

3 AL By A4 E v fitn

AR T M T A SR bR R A S 2 —
Xt BT ARG & B M BB A Ak B Tl Y R E O
HEMAMEH . BEE 568 0 /9 3 48 T R B B
205 VR PR R R R T 2 ) B R Y g% e M
HEJ BB E M T AL S Y BRI T S S 56
B, 3% A5 % ) B L TEORG  Y  ARD K Bl B T ik
H AT, B A K580 T IF & B B | LSt B
v AR AL T e (R o T O T A AR R L
FEE N AR RS d R AN BB UR s E2Y L £33
AR, DI T it R A L AR v 2 2] AR 25 8 R 5 M
HE P 22 [ A B 5 OC ZR 28 T X A% SR TR R 1Y )
PEIEAT B TN . AR T SR A 2 R 45 SR R
I, 24 MAOBE ek S P I vk T A 32K A 3
T P i 22 I 4% CGNIND U™ g A4 4 I 4 000 32 L 3
F Transformer "™ % FUI 77 32 LA B oAb 452 76 0K 5 7y
ir VR A R i P T v o
3.1 ETEWHEMNES| S EE %N

T di AR = 4 25 ) v i R HE B LA A
(4 Ji) B 4 TG BR 1 SR GNIN A7 44 ) T 4 i )
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BF, 5 BT A A0 T R R, DUAT BR Y Tl 4540 A
SR AL TG B A A B HC TR T [R] A B AVE R . TR A
(10 P15 4 R, s AR 3R DT B = 4 i R s
TEa) v A JE 30T A B, 3 T SR AR X S R R
B A A EAEHCR . B EEE, 5& T GNN
7 4 R WS 2 2 SR L AR NS 4 o
BT 25 5 N SR G, 1% GNIN AR Y B m] g ] F
T A AR R ) A% 2 A O TR M

oy fE I Sy B FBRE 5 R AR T,
Schiitt 45193 F GNN 42 H 3% 22 18 I 4 B 28 0 4%
SchNet, & ['TH T FAMHEEH . Fi T
AU, AT B SRR AN R TR 7R R R R b o TR
P R Ak 2 BT 5 (9 SC B HE A . SchNet (9 4% 0 A1
BAE T H O 2208 I 6 B2 1% )2 T8 T SR 0] 1) A%
ARBCHE B 0T S AT SRR . A A B R 3 A R

Discrete filter

-~ AY #

energy E
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Sle)

energy E

HLEHE I, A 0 4 AR 08 2o 7 5 R b Sk ik
w98 SRR AIE 32 B0, {FL T 07 e B AT J0 e o T R
e JEWR IR B[ E PR, 22 R R Y LS B o Sch-
Net 18 47 3 T 5 9 %% A= 70 e B0 Do sk — XL , 3% bR
by QIR (11 R P S 0 DA 3 & = B
T8 ARG il 4 s TR A S R M AR G AR .
P 31T 7s , 8 H D 9042 4 G 125 A0 902 D 1) A Rl 7 7R
o, T S B5CRE & U 25 2R B o e 5 i 34 2
B WA T AT RO 43X 28 0 07 B 22 S, A R Y
AE B U £ . AL, R T 00 e AR BA e R A
ARV RS F 3 N AR B de 2 S 1k T Ao R e A e
AN DR B FUUI 235 2R A9 4 B B . SchNet FE A%
e N AR, TR BB AL, 3 1 SR B4 R B A
R ELE A A T A e B I R AN AR T R AR )
JUATT ¥y Y T3 AT A7 A — 2 e BR A%

Continuous filter
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Fig. 31 Comparison of discrete and continuous filters!
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A, Xie S5 4 151 36 B 22 9 2% (CGCNIND
ARG i A 25 R B 38 Oy R R AT R, ok A
FEZR S TAE R B QN & 32 fros o o, B 32Ca) il ik
TR R R R A — A TE ) 2
IS TR NI Sl B R S i s el [ R Y 2
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Fig. 32 Schematic of crystal graph convolutional
neural network (CGCNN)"2¥

— Jay B, Chen 55" 41 H 58 F A4 BHE] 9 2% (MatEri-
als graph networks, MEGNet) , % #% 3 o 5] A 4
Jay RS Ve BT B i A B R 5 ) SR B R kb
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Application of Artificial Intelligence in Materials Discovery

SHEN Ao', MA Mei', GAO Lé*, MA Ning”, MA Wei®, LIU Hao”, XIA Mingzu’
(1. School of Physics, Ningxia University, Yinchuan 750021, China;
2. School of Information Engineering, Ningxia University, Yinchuan 750021, China;
3. School of Materials and New Energy, Ningxia University, Yinchuan 750021, China)

Abstract: This paper reviews the application of artificial intelligence (AI) in materials discovery, focusing on
the latest advancements in three core areas: material characterization, generation, and property prediction.
First, the principles of descriptor design for material characterization were introduced, emphasizing the transfor-
mation of complex information, such as micro-structure and chemical composition, into machine-readable quan-
titative features. Then, an in-depth analysis of the technical pathways employed by generative models in the
inverse design of materials was provided, detailing the specific applications and advantages of the generative
adversarial networks (GANs) , graph neural networks (GNNs) , variational autoencoders (VAEs) diffusion
models, and large language models (LLMs). Furthermore, material property prediction technologies based on
GNN and Transformer architectures were reviewed, summarizing the performance of these methods in terms of
prediction accuracy, computational efficiency, and model interpretability. Finally, the core challenges and
potentials of Al-driven materials discovery were discussed, offering insights into future research directions.

Key words: artificial intelligence ; materials discovery; materials characterization; materials generation; property
prediction;inverse design; generative models
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