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=, FEARTAES, FRATFH RIS 250 TEM FRAESAR, 3848 w08 o ke il ko ks 4
TEEEARAL . B RORN 23 8] FLART Z (R BN AS AR TG, MOV AR BE 8 /s T W/ BE B A8 5 p 20T M
ZIAICEG. IFH., FRATTHE A Ak rE gl b R [l PR AU 22 T RN 2 il T BB MEA T, X R
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R ARG B R 222 5 T R
EIRIY V20 BB O BuL L mE T PhEE T B R EEE . DB
1. Key Laboratory of Material Simulation Methods and Software of Ministry of Education, College of
Physics, Jilin University, Changchun 130012, People’s Republic of China
2. International Center of Future Science, Jilin University, Changchun 130012, People’s Republic of China
3. Laboratory of Computational Physics, Institute of Applied Physics and Computational Mathematics,
Fenghao East Road 2, Beijing 100094, People’s Republic of China
4. HEDPS, CAPT, College of Engineering, Peking University, Beijing 100871, People’s Republic of
China
Crystal structure prediction (CSP) and machine learning potential (MLP) are two fundamental
methods formodern computational material discovery. While the former aims at efficient sampling of the
potential energy surface (PES) for discovering new materials, the latter focuses on reproducing the PES to
accelerate various atomic simulation tasks. In this work, we combine the two methods within a concurrent
learning framework in an effort to generate efficient MLP models for accelerating CSP. The proposed
scheme explores the PES through the swarm-intelligence CALYPSO method, labels the most
representative structures with quantum mechanical calculations, and learns the PES through a deep
potential (DP) model. The process proceeds in an iterative, computationally efficient, and automated
manner, leading to the collection of a most compact reference training set from which the resulting DP
model is proven particularly suitable for accelerating CALYPSO structure prediction. The scheme has
been systematically benchmarked on binary magnesium-aluminium (Mg-Al) alloys and ternary lithium-
lanthanum-hydrogen (Li-La-H) superhydrides, demonstrating its efficiency and reliability in DP model
construction and CALYPSO structure prediction. The proposed scheme represents a promising routine to
perform the structure prediction of large or multicomponent systems

AR
E12-P17
FT SR ST B IR BE 2 ) A AR 2
BRI 2 ESRNW L E U B EEE N R B
1. Key Laboratory of Material Simulation Methods and Software of Ministry of Education, College of
Physics, Jilin University, Changchun 130012, P. R. China
2. State Key Laboratory of Superhard Materials, College of Physics, Jilin University, Changchun 130012,
P. R. China
3. International Center of Future Science, Jilin University, Changchun, 130012, P. R. China
4. Department of Physics and Astronomy, University of Nevada, Las Vegas, NV 89154, USA

Recent advances in deep learning generative models (GMs) have created unprecedented high
capabilities in accessing and assessing complex high-dimensional data, allowing superior efficiency in
navigating vast material configuration space in search of viable structures. Coupling such capabilities with
physically significant data to construct trained models for materials discovery is crucial to moving this
emerging field forward. Here, we present a universal GM for crystal structure prediction (CSP) via a
conditional crystal diffusion variational autoencoder (Cond-CDVAE) approach, which is tailored to allow
user-defined material and physical parameters such as composition and pressure. This model is trained on
an expansive dataset containing over 670,000 local minimum structures, including a rich spectrum of high-
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pressure structures, along with ambient-pressure structures in Materials Project database. We demonstrate
that the Cond-CDVAE model can generate physically plausible structures with high fidelity under diverse
pressure conditions without necessitating local optimization, accurately predicting 59.3% of the 3,547
unseen ambient-pressure experimental structures within 800 structure samplings, with the accuracy rate
climbing to 83.2% for structures comprising fewer than 20 atoms per unit cell. These results meet or
exceed those achieved via conventional CSP methods based on global optimization. The present findings
showcase substantial potential of GMs in the realm of CSP.

BRARMEA,: AR
E12- POO1

AN TE IR AR

e et ki

| RN T B
BGL b, TR BRI . ek, TREER. Bk, A, EdEILH4Ed, AT

BRE (AD) I ESIME. MR 2)) iz k. N TEBESHRRAE G, AERA
G AT, A URKEEIT S 2R A A A TR S, TSR R R B A AN T A
R AR, AR SCRES T N TR BEAEA BB AU A R, A5 A7 07 AL A ) Rl P15 222
PST. FALSEARAL L MR ABOT S e, T2, BrRERImsERen; pAK
AW BESE DT TR R A TR 2 It A . B, et T N B AR B i 1 P 3k
W, TR ST R

AR UERIE L

E12-PO02
HETHSREI AW, TR ET AR
FaE . EaWl. X—1 THRA*
R R RL BB ST BE

%%, TRPV1 (transient receptor potential vanilloid-1) JE&HECAAR[ 18 IEESIEH S FHE, &
Tk Z AR AAEE SR, RENS B2 P BRI AL~ RS . TRPV L EIE PSR SGRaA], BT
HTHIRZ 2o, FEWERTE TR, By Uk . SOy, B RSOt R ER Y. &’
KX AR TRRE TRPVI AR, DA hTRPVI R AR, MEEESH Glide XP
MHEAFENWIALAT 0, R AL P AT A Y, i s Bk, TRPVI-
Rescore T/ BLEATRE; AL T, FAT B T 40 AutoDock Vina X478, K
it TRPVI i Ti5mf it 18 i .

AR 1 KA
Strategies to improve the oxygen reduction reaction activity on Pt-based electrocatalysts: A density
functional theory
Yanping Zhang',Zhigiang Wang',Xueqing Gong*?
1. East China University of Science and Technology
2. Shanghai Jiao Tong University

Reducing Pt usage in proton exchange membrane fuel cells is of great research interests both
academia and industry. In this work, we systematically investigated the oxygen reduction reaction (ORR)
catalytic activity of Pt, Pt-M alloys (M = Co, Ni, Cu, Bi), and Pt-M@Pt core-shell materials under acidic
conditions and the effect of the geometric and electronic properties of the Pt-based catalysts on the ORR
activity by using density functional theory. The results indicate that the overall ORR activity of the Pt-
based alloys follows the sequence of Pt-M (M = Co, Ni, Cu) > Pt > Pt-Bi, with a corresponding increase in
the length of their Pt-Pt bonds. Therefore, Pt-based alloys with compressive strain exhibit enhanced the
ORR activity compared to Pt. Notably, we also find that the ORR activity of the Pt-M@Pt(111) (M = Co,
Ni, Cu) core-shell surfaces with Pt-Pt bonds compression is significantly superior than that of Pt and Pt-M
alloy surfaces. This enhancement can be attributed to the strain modulation of the Pt-Pt bonds in the shell
by constructing different Pt-M cores in the Pt-M@Pt system, and the interfacial charge transfer not only
regulates the d-band center (gq) of the shell Pt but also alters the interaction between the d orbitals of the
surface Pt and p orbitals of the adsorbed O species, weaking the adsorption of O* species on the Pt-
M@Pt(111) surfaces. Additionally, the &4 of the Pt shell can be used as an descriptor for ORR activity, and
the PtCo@Pt(111) surface with moderate &4 exhibits the highest ORR activity. These findings provide a
7
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theoretical guidance for the rational design of Pt-based cathodic electrocatalytic materials with low content
and high performance in the future.

BAREAAL 1k
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IR NN iR
Rk B A AR 2E BT e
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Machine Learning-Enabled Discovery of Multi-Resonance TADF Molecules: Unraveling PLQY

Predictions from Molecular Structures
Haochen Shi,Yiming Shi,Zhiqin Liang,Suling Zhao,Bo Qiao,Zheng Xu,Lijuan Wang,Dandan Song*
Beijing jiaotong university
Unlocking the potential of multi-resonance thermally activated delayed fluorescence

(MR_x0002 TADF) molecules for advanced organic light-emitting diode applications requires an
insightful understanding of the relationship between molecular structures and photoluminescence quantum
yield (PLQY). Utilizing molecular descriptors as inputs for machine learning (ML) algorithms, further
illuminated by SHapley Additive exPlanations (SHAP) to interpret the ML model outcomes, this method
effectively connects molecular structures to PLQY, providing targeted guidance for molecular design. A
vast molecular library is generated via variational autoencoders, allowing for a comprehensive exploration
of molecular space beyond conventional chemical intuition. High-throughput virtual screening, combined
with our PLQY x0002_focused model and a secondary model for emission peak wavelength prediction,
efficiently identify promising candidates with blue-emitting properties. The robustness of our predictions is
substantiated through quantum chemistry calculations. The integrative methodology proposed in this work
not only streamlines the discovery of MR-TADF molecules but also provides a replicable framework for
the intelligent design of other optoelectronic materials.
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AR 1Kk
An Unbiased Recommendation Framework Accelerates Small-Data High-Entropy Alloy Design
Jianhua Chen,Shuai Jiang,Jun Luan,Zhigang Yu*,Kuochih Chou
Shanghai University

Combining machine learning with CALPHAD is a promising method for the design of materials [1].
However, the small data dilemma makes many cutting-edge data-based methods less effective [2].
Moreover, traditional machine learning methods, which are suitable for small datasets, still face three
major issues: (a) The clarity of algorithm selection criteria is lacking; (b) Manual parameter adjustments
introduce inherent human biases [3]; (¢) A singular metric proves inadequate in comprehensively
evaluating diverse models.

In order to achieve high prediction accuracy using a small amount of data, this paper presents an
Auto-APE framework that amalgamates diverse regression algorithms, automated tuning methodologies,
and exhaustive evaluation metrics to proffer recommendations for the most optimal model. Based on this
framework, the leave-one-out elimination and addition methods are integrated for data screening. Utilizing
symbolic regression for additional feature generation, enhancing the correlation between features and
attributes to construct an improved posterior model. Finally, this workflow is applied to the hardness
prediction of 273 Al-Co-Cr-Cu-Fe-Ni high entropy alloys. The 10-fold CV RSME of the best model is
reduced by 32% after data screening and an additional 7% after features addition, demonstrating the
effectiveness of data refinement and the potential for posterior model components to substitute for prior
knowledge.

This Auto-APE framework holds the potential to provide unbiased modeling and evaluating
strategy to accelerate the application of machine learning in material design.
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The multi-solute solid solution behaviour of magnesium alloys and their application on materials
design
HE*
HPRA
The alloying method is the most fundamental and important method for the development of high-

performance Mg alloys. In this work, the interaction features and solid solution behavior of Mg alloys
were analyzed based on the physical properties of alloying elements using ICME method of
"thermodynamic calculation + first principles calculation + machine learning simulation + key
experimental verification" methods. Predictive models for the interaction features of Mg alloys were
constructed. With the finding of multi-component solid solution rule of magnesium alloys, a basis
composition design theory of various targeted-performance Mg alloys is proposed.

AT B
DFT+MD-+AI Bl /7 L i &
fili B *
TR R A R A ]

PR IR AR A S B TR SR AR RERRAE, 7B i Aer R, e 1 2 Pk .
Ak, B TR RRE R A R, AATTAT DA D M TOWE 2 T A S g 4, AT 2L fe
PRSI FPERER KR . ARG A E MR BT, o 3h 12, DAAERIREh i A
THEBEFEHEGHHIBIER . FF R IX e e EARAR . BRI 4k . SEL AN
It 285 PR O 55 TR I 22 001 Gk S R 22 B3R, BTN LR RE A 45 & 0] AR B BE VR 451
T R R A BT K Bl )

AT B
AT P ER B B F B T RIS AL aS 22 >
FREFIR*
A E R

12



HEREIR S 2024 B R AR bR & E12- N TR REL2- SRRl

WP LS (ELMS) 2—Fh) iz T ARG, Fnl@ 2y B P g feoi )
S RO BOAR PR IS B U BT T MS B e ORI ok 2. ik, 3K
PR T —Fp BT HLgR =~ EI-MS J7 BUEHINA L. 7SS A 2~ Hn] iR e i A i,
FATESCHAE T2 Bm 0+ B, Hh GRS e AT W T AR, JHREES AT
MR, TR Z5 S B2 R 5T . MS S AIAH I Y SE I 2 R b R A A, i R X
BB HRO R R AR, TDARE— 28 EHE R SR BTN P SRR, 540, FIZRRY 73
TR LY 2B R RERE O B P AL BRARFAE AL 3 TR 8 AT T W
TR JRRESH,  ITHEIN T WS AA AR IE, IR T HAT e 2 e 7 BN aE T, TR o e ik
TUHHBA, i TR R ERE. FRATEH AIST FFBEURSE A TR, (il CASMI
2022 K T IR PERE, 2RA5 T 84%RYIMIABUHERRAR. FRATHYBIRUA ST DURS R T 73
THIWE T AREER, i LA v AR RO (BT 80 228p) |, I DA ALK& 2 1
ARG AR, MS i PE A BEK

RARMER: FiiRdt

KAUBHKE SBT3

= =
A

Herh R R

TEZ BRI b R HAH I8 35 2 R AR OB /I 2, A T TR M
PSR AT, BRSO SERT T RN, HIVERBERFEWAEERS S, Hi
A FRERR G S AR IR AR S, R TR IO — RV AR Sk,
TREERU L RE AR AL B A K B U, EHEHR MR i R Bkl L, i 2 B R i — 4
FHREE T e A AR 2 RS e R v, R E AL AT O 2 R AR I R R A, B ST
AR Z Fp — YR R P SL IR, X FHEIC A 30 @A ET Nature, Science Fl¥;
PEH A RIS A S R RIS T E B, BT EOEHW KRR, mREeR
ALK B ORI AL P52 — S8/ SR 2 0] 7= A B 1 A8 R 22 A% Sl i B A L
WA B A, ARk A M 2 0 SO R 2 e U PTAEAE T AR e S R R AR, BIEE 22 ULR
FETN HARACAT) 5 BEAOE T30 L, 3ok e Sl il S5 T AR O B FEL AR AT

BRASRAER,: BIHRS
PlErEI7E Cu BBRT CO2 RJFAEMLFIRI N
ag/N e
HRR A HINE PR LB

AR T AR FAAEAIAE S e I vy i B B AR R SR A A . el s~ AT IA
MG T BT . R ZIIRAT A A - BRI 3R, 17 VR RE S b e T i 2 X 2%
X R TR M B TN S R A M RE R RORG R X TARRI AR BT —E S % B L.

AR B
A IRLERE T R AR AT B 5 PRl AT
TR
IR

AR IR 7 > R " HERPRMIEAR AT Ptk Ay, DR FE BT E st T
SR HIRERA M RHAR, il SRR ARG I AT, SRR T = 4R P
PN AR AR RE . MO T MR R, S /AR TS T DA S DU R
PIRERC G, RIS SCEE A —RAGBR > TR IEATRRBR AIEE . BTt AR A (I 57 i S FE P A AR
SEPE. TERE R AU a8 HFE IR AMER AL IERE S, REEWTTE T — MR i R i — %
iR JEERE, AT T ERRALT, L AR MR AT B A B IR R R S, IR
TSR SR K A FR AT R T A R AL PR RE

BAATTAEL: Bt
B R S YR BIR B T

13



HEREIR S 2024 B R AR bR & E12- N TR REAL-2 S5 HP R
e
Inner Mongolia University

KBUHH —HERP IR R MR LTS A N 2 RS B S AR R R dad
FEEETE, WEA TR S-MS2 Hl anti-MoS2 ZEHIIY) X2T —4ERH} v i v H R il 4544,
FEHARFRER) S-MS2 1T Janus Bz S-MSSe. X LURHE Y HERT AL W) I W BRI I 2 B
P, AT DA AR /R P 4 TR P BRI S e, i OB R MoS2, FFRTRERA A
PALE, FIDARHHME . REMERMBRREMER SEAE. 5 R B B A B AT DAY AT SR R Y e
AR, S K DCHEALTN), BB e T, FROTAEINE TARS i pHb Ui K%, A
SRR R A A

RARMER: FiEiRt

FHLBR AR B4 TR0
LM
Nanjing Tech University

Ot =S TR RE, HRT AR TSR GY. ok, AV
BHABA U, O IRHE . R A LA MR . R, T ASERECR, AT
A TEPUERS AR, MELARDBRAS S =S HA A TESE RG], X — L GEARTCIA R 7>
TRIERERPOCIR . FxhE—mE, FAITAHBIETT IR, 8 TAYBDL S T
1 B BERIEFRIE, R T TRERRBDEILE, TR TAYB R R R T A

BRASMAER: BIRE
AL fEEA DGR
FRIE*
JERRLA R ERT T BE

AHDEHRIIRE S FRPE I SR AU . MR ShRENE R, 158 7B,
TAHY R R 5 IR BIE T At/ BRI 0y R FR P RE R b, e PERERY G HL BT
BT S0 —HARABRRIB 2 g E, BEERATDEHR S T R T A T25%,
WEAJEING . ARTARRFA A =0 OLED BPERBI, BT H il oG B B AR . I
FEYHUE A6 ) OLED APRH Lz 2s ], Atz s tEReny 7 1. Bbdh, A TR R
Al M BT R SR S A A - SO B SR B AR SO G A, i B L M B RE
51, b2 R RE > T P Ife VA L A 1. LI AR A Rl BE R B A LG L S BE
or ARG T AR, R AR A R S HESA R TR A R A R L

AR B,
ERATER X &R ENWA R R BOTEAR
R
R TR
BT AE Iz M ELE (DFT) RS, KICTHRAR (g @At e
JEEAY) WERIRSIVE. O TR, AR B TR XIRMAR R T K T 2
FROTE TR, W QMMM ARG T 713745

BAATTBL: Bt
ThEem o TRt i i
[FHE*

RAEREE

AR B
o FRIBATES SRR TRAREN S THEESER SR
F A3
R Be A OFTE B

14



HEREIR S 2024 B R AR bR & E12- N TR REL2- SRRl

JCECR TR AR R AL W A T2 . RERE. HRESFARR NI AE, AT AR
JERAM A I B 20 11 SO MR SOSE R B KBS AT ATl T Ae LB e e, 7
TR A L SRR AL -, #ES T Dexter BURE &R E M PLUEESMA, AV
SR THERIT A E RS, dd 5EAT R AR E B IR, Bk T THiEREE
WA AR R A R, ESERE b, ROV T ET TP SR B ALY, s RE A
W2 AL ST R, SEIANIR 7 T HE R A o B Y ks 2y~

IRAATRARAL: B

Al for Sciences FTE=TRABEA B BERE X
Rl
RSB R
IR PR BRI A AL for Science JEiE 2 R P ¥EH DPA, Uni-Mol, Uni-SMART 4
RN AR F AR A PRI . B —1K, TR B, g6 R & i
Read-Desgin-Make-Test-Analysis &85 5% i nfe, LI R R REF- . En Al for
Science BN HAE R . ML AL TADGREEHAPRMIHR A ARG Tl R Y

IRARTMAR: B At
i ey == E T B R EBEI AR AR LS T
Tk
2 HR
R PR~ PR e T LAR I P AR, 9 e RO TAAE A — VR S BOR JEF B A T 2y

JE T SRR B 22 WO BB U T A A al sl BRI T BL. O 1 RERS AR SE X — H Y
FAMIAE 2018 45 AAR 1B T4 2 0 286 325 R B KB I TR R (LASP) . i3k 2 22
LR YNGR I 1 22 0 45 35 R A EA T 9 R 1 4 SR R SRyl S b S W kA R . H iz
LASP F TR BB TAEE AR T E A RAWHE SC. AU 24 LASP 8 F il fE4k
PEIT 27 TR — S B ot e,  SOHAERPRMSUDT IS i B

IRARTMARY: Bt
EHT L] R BB AR ARE AL T4 SR AT 5T
Eua
il R4 2 e

TR R IR, B TRBEE TR AL T O VAR K AL A KRB X
RURA 23 M0], SR H AT AL B A 0 7 TAEAE A M M S A A R . il 5 IA R
PEFMIBEARE BAE AV AR, Rim AL AR, &M ai 5% o 1o U g FA L
FANTIINAE transformer LA AYTE SRR b, @45 Gamfey I 5ok, TR 7o 1R25 1R Yy
WA BOERASA DRIinker, #LATESEEL N T BOERRR[FIR,  (EARREZBETT 020 T RERS T 2
WL, BE)5, FKATKF DRlinker HY transformer 1 5 A6 2 AR hl 1] 42 B M 22 190 2%
GGNN, ifif GONN B A A RAES AT i B TR R R T R B ieds, it—3I1 &
TH GRELinker, HAEAFER T4 MAMIAAES ERIMEREILT DRlinker, [l A PR AR~
SRMEAE S DA GR A T A A O AR AR 20 T 45H4 . {22, DRlinker Al GRELinker #3251
PRI > TAE SR, 200 1 B 1 AR AE B/ N TR BRI N, fils,  FRATET 4
B, TEE T PR = D ARZTR I 251 0> T ARBIFIIA DiffDec, WTLMRHEE F N4 A 3h
T s R AL, X T AR T AN S AL E B IS U, A s 2T RERS S AR
HASUEAT LA AN 22 3R G DR S, HORA D S5 B RMS S A A B3 m. JATTRAX
=AM, A S BT HRAE A O R I A2 M S AR B AR, A BT
2553 TR R R S PR A A

AT IET: Bt
ZEMR KA EEEZEI BN FIIIER R
[ XIFIEE 2. Selloni Annabella
1. i R RS B 24 B

15



HEREIR S 2024 B R AR bR & E12- N TR REL2- SRRl
2. UK KA Y B B
3. WA A 2 &

TR M BT E IS OF TS 205K, MY 3 BRI BOR IR &, (HUR
AT FVE AR 0 A s BT R ek B Y 25— PR BB BE A v, (R P B2 BT
TR EABTI. AR SRCRCN T 4R BIe O A n AT S . Sl LA, BEE ARSI
FIRBARHIAR R, TREEA T AR A, PR — I ARG 72318l = Bl o T 52
U AP 171, R e EAF SRR E S, RS R 5 I 50 TR
GERIWTTTIR, EARCH S — R RS RO 2 M 3h AR ReR, BB A B — LA G0 2 — AL
FOBE AR AR 1 64 S S RRANBLEE, A BRI A i ROE AU R (LIS S0

A AR TR BE I 22 0 28060 S — PR I BB T B4 R AT T2 T RISk, ahAs3) 1 Rl
S — TR SRR B B 2 0y T3l oA B i . RN GRAS B R B e B 31 4-16 )22 4
PRERBEA 23 K2y 25 GARPRIRA, BT K FAE SR SRIG R & L0 AR AL T 0. 18
W AHTREZEI ARG OL, KB5S SRMUR > TR LE BIZ0 R 22+6%, ACBLB LR 5
BT SRR AT RAAVERC,  FErBRE T A 8 1 R 5 s AR A U S T SRR A R k. LA,
ATAEE RGBT T IR T MR A B, B9 A BT A i i A T 2800 L2
M, HMMES IS A EARE. BAh, A& A A iR R G200 K,
FAVRTE T2 RO AR R . RSP TAE R B 7S 8 — M 38 AL RUSEAE LA
WL 2 F) SRS RERIALEE, S 2R R UK S5 s KA A 7 5 W SR 3E T R AR T T 3.

RARETARRL: TR
HTERK AIKEGYROTRAFES DrugFlow KA
fREZE*
WL
AP WA BRI IRR G TR, 240K, BB T — R4

MRS . FERBORT DA 25 56 AR I . AR, (ELK e VA I BT R W S 41
FEBZGBE & B RS AR k. TJL4E, AIGC FITRIZE AR AL VARSI AR 32y
WEARISAZT (IR REZ Az . (LT PRI . SRR . 254w BT . e
bGP RN BRI . AUMIIE I AEZIRSE) | BOREETT TS OT IR HER 1,
A BESNQH 2T T . BT A GUSUS R R, At E R, AR TR
NPT, T A A2 A B2 ¥ & DrugFlow JF A8
HEE.

IRAATARAL: B

P HSRACFR B R R IV
Zealx . Xtk
FIRT R
R AR R R — M Z RIEZ Yy A, WS WY . IR RO
PV ERIMG . RGR A ET 5 B AR i IR ME LA R 22 W B A R B B S
RGBT, RANETHFRIEe, DM Al i & o TR 5 20 2
YRy, EE T 2 RIERAABAUIT R 38R as i Asr S o TR -0 1/ 1AL DO,
o3 T AR R AR IR A R RO S R AT IR AL 2 R - - S A% 1A
LS, 155 TR R R BT S .

IRARCMARY: B A
FOEI TR R BRI B T
TR/
JERTHE TR
REFFIO0 (AIE) WHIERZFHI TAEER) R, HR g ATE B NTEDLE], A {EE
G B 2 JEoHTE) AlEgens, 1T HBERS T AHTEON AT . 22 REERSUSE ML T — MRA R 7 SOk 19 7
AIE UL S Z SR R Z [ A2 . FEX et FAF N a2 REEBE BT B E i

16



REREIR S 2024 B TR R A B S E12- N TR Refb=- S5k
AlEgens {4 FRATAIGOWALE . (1) @i KERET MAPs 2060 FRIEMRIT, FATHIS T
THRAE NIR- 96K SRR, MBI TP AA S G SCIGI6E . Ry, Had vkt it
HEE G DA S NIR-IL ZHE0TIESE.  (2) @5 ACQ %Y t+-2FSBO [ T
TR RN VLB K ALE MR -2FPCBO Al ¢-2FPCBO B & 64, BATIIE T
H RN AR TS ACQ F AIE fF51k. s ALE MPRHE TR T8 .

AR BiHHRAE
F—HFEREEE BB T ERRRBB BT YT ER RN R 6
BRAEERH U EREHE 'L BEAR 20 RRAR . JEES 2 [RERME O gMEY

1. PR

2. WK

3. )T PEREE

AR SRR A I Tt R L B X, O T B I O A B Ak~ o FAIL I 75 5 i
TR, SR, (LG0T BRI TS R A ), 1T 2 )13y 2 A4 ST
TR RS, N TS A R B T S Y AR RS8Ot 58, AT IR IR E
PEET-BA TCHR VASP Hl LAMMPS & 11k2:. o Fall itislg, R a8
JE RS FE I BLAS 22 IR BE S0 13 )1 J1% 5% (CPMD) . CPMD A 3G T B rAs BERRICR.
ATV R A% YRR AH 4 B LR R MoSa2FIl WO 5 26 3h B T B E AT T IR AFSE.
254 8 3 R AR O B T A2 A B R MR 2 2 MoSa 2l WORLHER & Tk P E 4T 12N .

SRIMT, ARG e I P BRIV ZE MR B L A AE AN AL . FRATI TAE B KIER T MoSa>#l
WO KA EEI 22 AR B P E B X EENER . mTEEMEER, MoS2 A WO
TR AS BI7K A B [MoS4(H20)a > FI[WOL(H20)a]* . A5 H S MIKALEE. Hirshfeld FLfif. 7K 4k
et% . KABEIE . SRS AT T MoSa2Hl WOL/KAL M 2E 5. BT WOLHAR
INHI KA AR RN R S B KA AR, 5 HoO A EAEHISR, KALBEMAIE R K T MoSs5 H.O
IR EAE RS, KAEERIRK, A5 W4 B B 10 B/ A BGR) e B 1 S e B/ A B
B XU MoSa2Hl WO Byt B BRI TN, #E—2 9 a THe S Ty 2
(B F) 22 1.

BRAMAER: BIRE
2 AL ST TR Sh A AL S Y IR AR AL
P&
[LE SN

TR o P R M AT R L1 RO RO M ARG PR 452 . AR, TOLAF T4
e RS AR DA SO 4y IRV R AR AR R, B8O 4 s R S5 i sh 484k, e m T i
P T HIZE IS IR, D B A AR TR PR

AT TR AL R R (Cun/CeO2-) UIHRFIR AL BE 7 T 7E— AL BR AL . MR eAL
SR Z A AT B . ORI, FERT AT G i o DA SO i AR v, SR T S5 A 7 2
KA E T, TR OB T PSS M AR AR AR A RCR e B [1-3]. EX—F 5, &K
& BY T IS 22 B AT R RSO A i PR AR IR A TP Al S ERBE T Cu 4K H 7R AE
CeO2 ik ERVETERYBIEHER U7 IR 1% R SOV R rPEAE R sS4 R,
BN TRUE MRS SO PRI A A K A SR B T — Ry Al A . ok, RN AEE
1Z B PN SR —PEJF A T3l U 5 TR TE . CeO2 BEAL R 713 Cu KRR S S E A AR
KBRS AR IR Z(S00C) T, T CulliES CeO2 FIKAYSEANEAEN, CeO2 KM FHE A
WUAH ZER | Cu iR, JEREE—e R R . 15 A2 A R R i o
SR, AR BUR B 724 CuxO [4]. [y, FRATAIAE Cu/CeO2 FMIAFAE KA 4,
R, BT CeO2 BRI AEEIT Cu BIFRAYASE T H fektim el Cu MRk b, Iz
WAL T2 B it AR T B LA Y i A U 1) Cu IR a8 . AT S 2D IR AR T HoAe
f& COMERE, AIAE Cu/CeO2 FLRIMLAE ZF ML K (Y b AE 4R S S L RERS P A B CO AT L.
WHFSHER T Cu/CeO2 FHAL EWI RIS SRR, NIRABIFE S ST Z A AL A 51
RIRNERAL T — 2%,

17



HEREIR S 2024 B R AR bR & E12- N TR REL2- SRRl
RAZMER: BIFRE
PlLas B B B L S5 B dlifl
TOLTE*
JEHRREE
AT, LB B he ol — I BRI 98 i TAE, 2RI AR e,
X SER AR B P E PR . B —EWTIT AR Y SR g A G R A RE RS i L P i AL S D AR,
JHtR MU Al i o B AP, 2RI A RE R M o ORI LA, (RS ARKI TAE i BT S5 KR Y
IR 7. BN R T A2 ik SN2 AT A LS ie-F- 5, AERS bR ELARE (Lt
SEMERR. WAV MBS G, AR EREE, JEim L~ R GWa. o
AR BRCR, 153 — AT DUERR T A8 i8] DAZERD IR Y, PR A 5 )
TER PO BAR P T I BCR, SR A RS %, SRS LRI H Y.

IAATM AR s
Rational designing the non-toxic double perovskite materials with good photoelectric performance
based on high-throughput screening and mesoscale quantum-mechanic/electromagnetic device
simulation.
Wei Zhuang*
FUJIAN INSTITUTE OF RESEARCH ON THE STRUCTURE

Metal halide perovskite materials have great potential in the applications of photovoltaic field.
Their toxic lead component, large structural band gap and poor thermal stability, however, seriously hinder
the large-scale commercial applications. Novel lead-free double perovskites have the largely
enhanced thermal stability and the band gap compatible with the energy range of visible light. However,
the carrier mobility in these materials is relatively low, and the absorption within the visible light window
is, in many cases, not significant due to the parity forbidden transitions. These factors often lead to the less
ideal photoelectric performances. We herein generated an ensemble of double perovskite structures with
disrupted parity forbidden transitions (by manipulating the local-site symmetry). A high-throughput
screening was then employed upon this ensemble to obtain the stable structures with high carrier mobility,
using the atomic packing fraction 1 and decomposition energy as additional stability criteria. Based on the
resulted structures, we further constructed the mesoscopic scale devices, and directly calculated
the photocurrent density therein employing a quantum-mechanic/electromagnetic (QM/EM) model. As the
result, new stable lead-free double perovskite structures with good photoelectric performances
were predicted. Our calculation provides important guidance for the rational designing of new double
perovskite materials suitable for the photovoltaic applications.
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Reactive Molecular Simulation Modelling and Kinetics Study of Polymerization Reaction
Liang Wu*
Shanghai Jiao Tong University

Reactive molecular dynamics (MD) is performed to simulate polymerization and bridge the
microscopic reaction behavior with kinetics. The reaction rate constant computed by MD simulation shows
size dependence and can be extrapolated to estimate the corresponding rate constant at macroscopic scale.
Polymerization of Lennard-Jones monomers with free radical mechanism is simulated to demonstrate that
the reactive simulation with size extrapolation is capable of qualitative modelling reaction kinetics of chain
growth and chain transfer reaction. The approach is extended to the polymerization of polystyrene (PS) by
living free radical polymerization mechanism, in which ethylbenzene is represented by all-atom and
coarse-grained molecular representations. The kinetics behavior of PS chain growth agrees favorably with
experiments and the yielded PS product displays a narrow distribution of polydispersity with index 1.04
for >90% conversion of styrene monomers. The comparisons of simulation results between all-atom and
coarse-grained models show the kinetics and reaction dynamics of polymerization of PS are consistent at
both levels. The method demonstrates the possibility of using reactive MD with size extrapolation to
model polymerization kinetics of real systems, which paves the way towards large-scale modeling of
polymerization bridging the reaction mechanism and kinetics, and further provides new insights into
reaction kinetics from computational perspective.
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Theoretical insights into H20 adsorption on CuAlO2(112 0) surface: from low to high coverage
Chunyan Sun',Shuwei Xiao!,Chengkai Jin',Runping Ye',Rongbin Zhang',Qiang Li?,Gang Feng*!
1. Nanchang University
2. University of Delaware

The production of hydrogen via the methanol steam reforming (MSR) reaction, which can be
processed at mild reaction conditions of medium and low temperature requirements (200-350°C), has
garnered widespread attention. Ab initio thermodynamic calculations can simulate the adsorption behavior
of catalysts under reaction conditions, contributing to the study of in situ dynamic models and reaction
mechanisms on the catalyst surface. This study primarily employs a combination of DFT and ab initio
thermodynamic calculations to investigate the dynamics of water adsorption on the surface of a copper
aluminate catalyst, laying a foundational understanding for exploring the catalytic reaction mechanisms of
methanol steam reforming for hydrogen production.

The research findings indicate that the surface proton (H+) and hydride (H-) hold distinct activity
towards the negative O and positive C atoms in intermediates, thus affecting the energetics of bond
dissociations (O-H and C-H) and H-H bond formations. The role of Ov in promoting the dissociative
adsorption of H2O is particularly evident at low coverages and decreases with increasing coverage. As the
perfect surface coverage increases (nH20, n = 1-18), H20 undergoes three adsorption stages: dissociative
adsorption, molecular adsorption, and physical adsorption, involving the formation of four types of
hydrogen bonds.

The variation of number and type of hydrogen bonds upon H2O adsorption reveals the highly
dynamic nature of surface interactions during MSR. It can be estimated that the coverage of H20 should
be maintained below 33%, under which conditions H20 will dissociative adsorption on the CuAlO2(110)
surface, aiding the facilitation of subsequent methanol decomposition reactions. Using ab initio atomistic
thermodynamics approach, we can determine the temperature and pressure corresponding to H20
coverages below 33%, providing a theoretical reference for the experimental conditions of the MSR
reaction.Our research provides theoretical support for understanding the interaction between H20O and
catalyst surface under MSR actual reaction conditions, which lays a theoretical foundation for exploring
catalytic reaction mechanisms and optimizing experimental catalytic reaction conditions
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Neural-network density functional theory
Yang Li*
State Key Laboratory of Low Dimensional Quantum Physics and Department of Physics, Tsinghua
University, Beijing, 100084, China

Deep-learning density functional theory (DFT) shows great promise to significantly accelerate
material discovery and potentially revolutionize materials research. However, current research in this field
primarily relies on data-driven supervised learning, making the developments of neural networks and DFT
isolated from each other. In this work, we present a theoretical framework of neural-network DFT, which
unifies the optimization of neural networks with the variational computation of DFT, enabling physics-
informed unsupervised learning. Moreover, we develop a differential DFT code incorporated with deep-
learning DFT Hamiltonian, and introduce algorithms of automatic differentiation and backpropagation into
DFT, demonstrating the capability of neural-network DFT. The physics-informed neural-network
architecture not only surpasses conventional approaches in accuracy and efficiency, but also offers a new
paradigm for developing deep-learning DFT methods.
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AL BT
AI and Molecular Reaction Dynamics
Jun Li*
Chongqing University

Molecular dynamic properties, including spectra, collision energy transfer, kinetics and dynamics, are
determined by the system’s potential energy surface (PES) and the consequent dynamic simulations for the
nuclear motions on the PES. Hence, both the accuracy and efficiency of the PES and the dynamic
simulations are significantly important.

PES is determined by data quality, data sampling and data fitting. Briefly, for a molecular system, a
sufficiently large number of data points are sampled and calculated at some accurate electronic structure
level. Then the PES can be fitted to a specific function, such as the permutational invariant polynomial-
neural network (PIP-NN) method, which has been successfully applied to nearly 60 neutral or charged
molecular systems with up to eight atoms. For more and more complicated molecular systems, a NN based
A-machine learning method is proposed to efficiently obtain high-level electronic energies of nuclear
configurations in all dynamically relevant regions based on ample direct low-cost low-level calculations.
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This A-machine learning method has been applied to effectively construct reliable PESs for HO>+HO-,
OH+CH30H reactions: about 86% and 92% costs were saved, respectively!

On the other hand, it is quite difficult, even impossible to exhaustively investigate all relevant
combinations or determine high-dimensional analytical representations for the state-to-state reaction
probabilities. We develop an effective and accurate approach to the extensive state-to-state reaction
dynamic calculations. Briefly, the Gaussian Process Regression (GPR) can be utilized to fit a model to
predict all possible state-to-state reaction dynamics based on a small number of direct state-specific
classical or quantum dynamic calculations. The confidence interval of the GPR prediction and the
Kullback-Leibler (KL) divergence were used to help minimize the sampling amount of data for fitting the
converged GPR model.

AR BiE
AT e B R 2 TRk
MRFEF*
East China University of Science and Technology
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Will Machine Learning Really Tell Us Anything About Catalysis?
KAE*
Synfuels China Technology Co., Ltd.
Hong Kong Quantum Al Laboratory

With increases in computational speed, the age of big data enables society to apply machine-learning
algorithms to all aspects of life. Recently, even scientists have utilized the age of big data to understand
and control nature whereby to improve our understanding of materials as well as design new materials.
Machine learning, a computational dream for decades, has now been realized — or has it?

Our research group has endeavoured to participate in this exciting direction by applying machine-
learning tools to several physical chemistry and materials science - fundamental research problems
including catalysts. With machine learning, our research has expanded to new directions such as predicting
global reaction mechanisms, understanding adsorbate interactions on catalysts, and to further improve
neural network potentials for rapid structure evaluations that are needed for materials structure prediction.
Fast and efficient computational chemistry and materials science software has further enabled rapid
accumulation of data from which machine learning algorithms can recognize patterns and make predictions.
The application of machine learning tools to catalysis is not as straightforward as one might anticipate.

We will discuss two prominent examples of our recent success with machine learning: 1) The first
example is a machine-learning approach to evaluate global reaction coordinates. We report on a global
reaction coordinate (containing all internal coordinates) to thoroughly describe the reaction mechanism for
azobenzene photoisomerization; 2) The second example is a machine-learning approach to predict
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adsorbate interactions of alloyed catalysts. Here, we utilize a machine-learning model, based on the
random-forest method, to predict CO adsorption in thiolate protected Au-based nanoclusters. One
advantage to our machine-learning approach is that correlations in defined features disentangle
relationships among the various structural parameters.
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Fragment-Based Deep Learning for Simultaneous Prediction of Polarizabilities and NMR Shieldings
of Macromolecules and Their Aggregates
Dongbo Zhao*
Yunnan University

Simultaneous prediction of the molecular response properties, suchas polarizability and the NMR
shielding constant, at a low computational cost is an unresolved issue. We propose to combine a linear-
scaling generalized energy-based fragmentation (GEBF) method and deep learning (DL) with both
molecular andatomic information-theoretic approach (ITA) quantities as effective descriptors. In GEBF,
the total molecular polarizability can be assembled as a linear combination of the corresponding quantities
calculated from a set of small embedded subsystems in GEBF. In the new GEBF-DL(ITA) protocol, one
can predict subsystem polarizabilities based on the corresponding molecular wave function (thus electron
density and ITA quantities) and DL model rather than calculate them from the computationally intensive
coupled-perturbed Hartree—Fock or Kohn—Sham equations and finally obtain the total molecular
polarizability via a linear combination equation. As a proof-of-concept application, we predict the
molecular polarizabilities of large proteins and protein aggregates. GEBF-DL(ITA) is shown to be as
accurate enough as GEBF, with mean absolute percentage error <1%. For the largest protein aggregate
(>4000 atoms), GEBF-DL(ITA) gains a speedup ratio of 3 compared with GEBF. It is anticipated that
when more advanced electronic structure methods are used, this advantage will be more appealing.
Moreover, one can also predict the NMR chemical shieldings of proteins with reasonably good accuracy.
Overall, the cost-efficient GEBF-DL(ITA) protocol should be a robust theoretical tool for simultaneously
predicting polarizabilities and NMRshieldings of large systems.

AR BEME
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FaE*
TR

Understanding the oxygen reduction reaction (ORR) mechanism and accurately characterizing the
reaction interface were essential for improving fuel cell efficiency. Traditional models often used slow Ab
initio Molecular Dynamics and neglected the influence of atomic scale solvent structures. We developed
an active learning framework and utilized machine learning force fields with enhanced sampling to
investigate ORR dynamics and kinetics under a fully explicit solvent model. The results showed that the
oxygen adsorption process, was the velocity-determining step of ORR at the Fe-N4/C-water interface.
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Statistical of solvent configurations for different the proton-coupled electron transfer processes reveal that
the arrangement of interface water impacts the number of hydrogen bonds with adsorbates, thus
influencing the electrocatalytic reaction barriers. This study highlighted the significance of solvent
configuration dynamics in determining the electrochemical performance. Our proposed strategy can also
be applied to the other complex interface chemical reactions.
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The amorphous/crystalline (A/C) dual-phase structure is a new design strategy to improve the
mechanical properties of Mg alloys. Here, the mechanism and size effect of solid-state amorphization of
the dual-phase Mg alloys is investigated using molecular dynamics/Monte Carlo simulations. The results
indicate that the degree of solid-state amorphization of the dual-phase Mg alloys depends on three factors:
the original size of amorphous phase, the diffusion of rare earth element Y, and A/C interface (ACI). The
degree of solid-state amorphization of the alloys exhibits a significant size effect on the original size of
amorphous phase. Except for the model with the smallest original size of the amorphous phase, the degree
of solid-state amorphization of the alloys decreases significantly with the increase of the original size of
amorphous phase. It is worth noting that after relaxation, as the original size of amorphous phase increases,
the distribution of Y atoms in the amorphous phase undergoes a transition from uniform distribution to
segregation, and the larger the original size of amorphous phase, the more obvious this segregation
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phenomenon becomes. The results indicate that the segregation of Y atoms in the amorphous phase
suppresses the solid-state amorphization of the alloys. The results show that the segregation of Y atoms in
the alloys requires a larger original size of the amorphous phase and the presence of ACI, both of which
are essential. A detailed analysis is also given on the solid-state amorphization mechanism of the alloys.
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Digital transformation is revolutionizing the field of materials science, with deep learning at the
forefront of this paradigm shift. This presentation will unpack the latest advancements in large-scale
machine learning tools and their transformative applications in the realm of materials design. We will
spotlight the power of deep graph learning, active learning, and generative models in constructing
advanced Al emulators capable of simulating, generating, and designing new materials. Active learning
streamlines the learning process by prioritizing the most informative data, whereas graph learning exploits
the complex relationships within material structures, and generative models push the envelope in
predicting and creating unprecedented material structures. These state-of-the-art tools are not only
enhancing our predictive capabilities but also accelerating the design of innovative materials with bespoke
properties. We will explore how these Al-driven strategies are being applied to real-world material
challenges, demonstrate their potential to catalyze breakthroughs across various sectors, and discuss the
ongoing efforts and future directions for integrating deep learning into materials science to foster
interdisciplinary collaborations and drive further advancements in this dynamic and critical field.

IR BT
MatterSim: A Deep Learning Atomistic Model Across Elements, Temperatures and Pressures
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Han Yang*
Microsoft Research

Accurate and fast prediction of materials properties is central to the digital transformation of materials
design. However, the vast design space and diverse operating conditions pose significant challenges for
accurately modeling arbitrary material candidates and forecasting their properties. We present MatterSim,
a deep learning model actively learned from large-scale first-principles computations, for efficient
atomistic simulations at first-principles level and accurate prediction of broad material properties across
the periodic table, spanning temperatures from 0 to 5000 K and pressures up to 1000 GPa. Out-of-the-box,
the model serves as a machine learning force field, and shows remarkable capabilities not only in
predicting ground-state material structures and energetics, but also in simulating their behavior under
realistic temperatures and pressures, signifying an up to ten-fold enhancement in precision compared to the
prior best-in-class. This enables MatterSim to compute materials' lattice dynamics, mechanical and
thermodynamic properties, and beyond, to an accuracy comparable with first-principles methods.
Specifically, MatterSim predicts Gibbs free energies for a wide range of inorganic solids with near-first-
principles accuracy and achieves a 15 meV/atom resolution for temperatures up to 1000K compared with
experiments. This opens an opportunity to predict experimental phase diagrams of materials at minimal
computational cost. Moreover, MatterSim also serves as a platform for continuous learning and
customization by integrating domain-specific data. The model can be fine-tuned for atomistic simulations
at a desired level of theory or for direct structure-to-property predictions, achieving high data efficiency
with a reduction in data requirements by up to 97%.
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