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Al for Science: FHAWFEILANIH By

[ ZE] ATHRENGHEHRL (Al for Science) £ XHIBHRAME S T HRANGH LIRS
HERIRERRSW TN, EWEAF . AeHFF S ABAMG T T L ERIFRAMESE, AT
FHBAHA RO IRX EEREHFRRG T X, WA FLRGHEE, 1L THERLEXMN
b, FEAETZOAL YA, WA LA FEMMEF L, Al for Science B #7145 @ 164 % |
B, REERKE LA FEA%, B EARAA . F&. ATEREGEMBRELEH, DT
B KA ANEA AR B S B ¥,

[KEBIF] AxHie MBEFI H3sir A

[FESZES] Bs0-0 [XEFRIRAG] A [XEHS] 1000 - 114X (2023) 06 - 0081 - 12

N TR REIRBNIBLAFE (AL for Science) R REIRAFCLIMLER2~>] (ML, machine learning)
FREMN THREEAR SRR G (AL+ Science) W74, VB ALFUR, HlLasT,
REMRR 27 > PR U PR e AR B8l A AT 52 2% R G807 DI E NSRRI EEY, UM AR5 4L
AL P SRR PR S B S, AT for Science FEIBERE | /L ATRYE . BPRRLERIMERFI 2
AU ) AR AR IS RO TT BN, e T 22400 S M - B DM AR SR s R 27 e B
PR A S BB A R AT R o AT for Science AMUMNEERNEM & R, T H Rk, hnsk %k
JERIBR MAES) ATRYINE K S . ATSBRE7 Z [A] 2 0L KRB A5 AT 1] 35 HAEOR A s hisim it
TEXMEI A A R, EEBaAA A AURCRL a] 5 2 K nl 44t A5 E SRR AR B R it 5 | A A2
Mo, (EFFTF A AT AR AL A £ SO, 78 ALSTERHE QR Y I PRSE 3 50T, TR Al for
Science HYFTIETE M SO IR S A0 S T SRR S ) BAT R B i

AL AERFHAHFRALETRRA KRB AGHFAREXEEZHMRE (B F22&7ZD045) #H-E
PR R

VEERA: AL, LRIFLRFUWFFREL. A5, 7, LRFCXFUFFRELMTE,
% 100875
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—. MAIZ| “Al+Science”

(—) NTHERE SIS

BR2EF 50 H A Z — BBl R . AT, —Se L R IR 24T R R LA AL
ardE TR LI B, MATHE O, 2 BT R ) B R H AR AR IEAE S0
ESFT A I A A, DA TR DRSS PLER BT " 20 42 40—T70 AR 1LSE AT H IR
% THROEMAL S, 0 2R AE A A BE SRk . MiRR | AL R RS, E 304
B, RGHUBARY D AT A SN OGS S s A sha e “IEE”, I iR Retg Sl
F8E AT 55 W AR (e — 28 AR, BRI 2407 R - S0 (Geoffrey
Hinton) fifde 1 IRIAEAH 2 W25 T TR AR ) BURERL L LG FIER B2 OMERR, kDI &t i e
A5 FE AR 4 2% (convolutional neural networks, CNNs) 580 AlexNet®, FETZZRBA T
2 2% (artificial neural network, ANN) AR 24> (deep learning, DL) WAk AT 938 04
Uit MEAMLERMYIRAFHE, DLIIGE N 2 )2 R R I RIE 2, OB L
MG FARIEF AL R ERE R A Zh 2 Bl s A

TEAUL RS —rBe, FHA0 AL ZMMA%R: - P52 (Herbert Simon) g i 1 HIT AN
ANHQE R AER AL . S, PY5E SCHAE A Sl AL B s BBk A B e, AT
Wl T BACON ZANFEY, IXEARRF AN B A T i L H e, AT Bis shi e, #if
SWEHFZMEEMREOCR , M HIEW M — e Ve R A AL . S5 HRERY Y A& A
BRI B AR St B B A Jr ir. f AT TiEe 383 T GLAUBER 27 # DALTON 27
¥ GLAUBER P2/ e A B A A& LA ST S E e s DALTON A2y AERGRALL 2 F fb s
JE, A DS TR YR e Mz s L, IR ER (G, Mendel) i85 E . 5
Hh—BE R I AESIGEE (D. B Lenat) JFEM AMBRT . AM REFEWI S E# FAE AL h
B IME AR, et Bk | sferk . AL AR LB S XS R R
Rl R B A FORT SRR, WA R R B AATE, MHRE R AR A5k
WFE R AT, St TRTRe L ©

PRSI AT @2 PSR K L S I bR —. ZE AR R
(P. Thagard) JEEZS 3 LT & T ECHO #7 RFHE B35 F i B R i 45 ). ECHO
TR X R P 20 B HEA TR0 H AT, than, ECHO XM LIS MR R Ul . SEfkinFnsh
e, AR CHHIEH R R A AU S 2T TITH,

B 7B E Iy L b iRk R B R A B B A TR A, HLAS AR 2 T EE

(D McCarthy J., Minsky M. L., Rochester N, et al. “A proposal for the dartmouth summer research project on artifi-
cial intelligence, august 31, 1955” , Al magazine, 2006,27 (4) ,p.12.

@ Alom M. Z., Taha T. M., Yakopcic C., et al. “The history began from alexnet: A comprehensive survey on deep
learning approaches” , arXiv preprint arXiv:1803.01164, 2018, pp.1-39.

@ F845 R 4 BB F T A BT LG FAE, B AFME B AT A0 RAEHIE, ASKIAF
FEICET A T K 55 09 4 AE

@ LeCun Y., Bengio Y., Hinton G., “Deep learning” , Nature, 2015, 521 (7553) , pp.436—444.

® #ratz. (FFEeEHOMBELIMTLE), (8 RFHEEFL) 200755 118, H40TH.
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MRLEL . Bl “AUTOCLASS REMAIXFLIAMEEM T, ¥R T s EZILF ] WOk sy
Brife 53255 RL ARG RE R A L0 E b2 i B0 MR & MU, PRPGOL RELHEN
TR P AL R A & ;. GRAFFITI RS AE 08 A A B Hlose A sl = A= i AL L 425 |
Ko T ReR A BT8R s MECHEM R 48 A Zh A3 1 LR S 2# SOV L ;. PAULL R
SRR T AR AR PR R R D SR B RS E ;. LAGRAMGE REEAIL 1 AT R 1]
FEFRESE” CRURIHLES R IS EAREUS T —RSNECR, (B T8 . BB RBRe:, PLasam
B BCRARE AR, #— PR ERH AN IEEWE . AR ) TS S e

(=) AUIMERIEAEIL: Al for Science

BEE BCAAHREE, THEHUR i S A AR S AR T R AL
Ahe, M EHIAEHUAE BRI AR, ALEN RS TTRIR: . B MRl b TR
SRHEA, BRRl SEORMXGERE. AR 8l . Bk, 8717 =A—nitE =t
PRRAET T I X T Fe 5 A BN 52 2% R GE R A RE T o TEBCR SR 2 ST RIS 2 Ay v i A 00
AT, ALBRBRFFBF ——ALl for Science Hi——7E R T RHIFHESE | f/nBlef e AR . 42
TR B PDUE 2 AR 2 7 TR T RSt DASE U — 4RSS ], (R geiy sise a5
KA HXMELIAS A 2 A5, TR G 1 AR R kg . 2014 AR50 H- 1R i
b ML 5 P00 A 1 B — 24, UM 3R TE — 4R ] S8 80%; 2016 4F AlphaGo LA 4 = 1 HIETH
JALTFRT, ATTON AR 1 = 4EE5 M 02X s SR BT, 2017 ARS8 1 LA DL 5 i 8 B 4544 2
FEFR )23 [ A 2 (TN, 9k FH DAFE E ALTRIN R 48 Alpha Fold; 20204F, Alpha Fold 2 /£ 55 14 Jii &
PREE ST 3E3E (CASP14) AR IL#AFmE, FHRHEAICH . 24T, Al for Science [ A]
ARG AR AR 2 AN S s e SE, W2 RA R T L SR vy R A e
L INE RS AEAE, ALIEZERS Bt Se Rk R MBI Z Rl i e — A B

(=) BR2EXT AT IREE . Science for Al

(HAF L0, B mAE g VAR S (Science for AT), B J7 028 45 A5 7R13)1| 25
ITEFREEA . AW Rl — B ALK R A SRR, bt 2g rp 32 A W pp 2 i s
MTFREHIPL (perceptron), JEAHZ WM ZAEAFIELA DL A A B E SR, BUVTAY CNNs Fhifss
THE AR IR B LS 0 B )2 A MRS i A IR b 38, ARk, KIE 2R RS0
FIRTRRTE . RS R . 22 RUBE N2 03 B sl AR SE AR X 22 0 FLRN ML B AR H B s A 2K
Blan, s IPESLI T SRR B LA, TR . B R FIESLAE & (continuous
variable) TR TAE AL (generative model) AIFRIKT; Geit 120 ER ot it MR == >

O #rafe: (Freleh B LML), (B RFEEFTL) 200755 114, F417,

@ Xu Y., Liu X, Cao X., et al. “Artificial intelligence: A powerful paradigm for scientific research” , The Innova-
tion, 2021,2 (4) ,p.2.

(3 Wang S., Li W., Liu S., et al. “RaptorX—Property: a web server for protein structure property prediction” , Nucle-
ic acids research, 2016, 44 (W1) , pp.430-435.

@ Holzinger A., “Introduction to machine learning & knowledge extraction (make) " , Machine learning and
knowledge extraction, 2019, 1 (1) , pp.1-20.

(® Dunjko V., Briegel H. J., “Machine learning & artificial intelligence in the quantum domain: a review of recent

progress” , Reports on Progress in Physics, 2018, 81 (7) : 074001, pp.1-116.
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FRIR | G T IARINZ AL FIR R TR A, TR REA RIS T LRI fiE
MLES A FLE B B (R i ATZE A U & R AN, ATRFSR IEZE U T & g
SERTAL T [ B, 41 ChatGPT4, L Z 24504 A ST BRI A2, & DI RE
AR ZFEC 2R B R AR S il

Al hL, S A AN SRR Y “Al+Science” (FL7 Al for Science £l Science for Al)
T AUFIREE 2Z [ X KRE , A Rratfesh — 2 Tl OGS & e .

=, AIIREh TR SR

(—) HEfklef4g

Attt R B W R R et f 2 i, 7RSSR, AEYE AR AR A A 3R 3h Y
PERETTR - B X E AR R B2, ATBORSE & T IR R AE W B S HAR ML A RCR IS B
515G A BT NP BERI AR (enabling techonology) AIFIE M TRALF-E " @,

1. 4H2EA T

BRI, R 55m R id . AANGST R C . AL 53795
THAYPEFR B DA E 55 T NIER SRR A e R S LR, BFFE 53 I DNA ¥4I . DNA ()
B AT R . BRI AR R0 . RNA B RNA ORGSR I8 . SR, AR
FCI=4%. DNA FFFIRI DNA 7ELI A% N B0 S0 SORT B RS 2 Va2 3 DR e 1k K S ) S I
2, I AT PR R R B Ik RENS A T S A RN ARl I R AR A 2 5 B )
W, FEF CNNs (1) Akita® (RS DNA P SEAERT 0 LR ZH 19 = 4E 25 M) 2544 , #8578 DNA P51
Al Gy — A SE R R P S A, RS IR IRE . LT DL AY Enformer® 3 5 T X1 5L P51 ¢
TR B LA S AR RN ) TENPRG 272 L DA DNA JP 3 R S0 58 - sh TR AH EAE A
Wk T B~ e BRI o AN SRSl S i — B FE R 25 A 2 i SR 2 ), {H AT R
FIZ IR EhA SRR E R, ERILEMELIES, M GEARS 7L SCBl 1A 40 RNA 544
5 T 240 e X B PR 5 2 S A S G S RO, FRIZ AR BN ZRAE M AR B 25 i SE A By, LA
R eI (I RER L LN

2REBEST

(D Bahri Y., Kadmon J., Pennington J,. et al. “Statistical mechanics of deep learning” , Annual Review of Con-
densed Matter Physics, 2020, 11, pp.501-528.

) Shahriari B., Swersky K., Wang Z., et al. “Taking the human out of the loop: A review of Bayesian optimization” ,
Proceedings of the IEEE, 2015, 104 (1) , pp.148-175.

O RBES: (SREMF: TFREMHTE QR LK), (FBEHFEER) 2018455 114, #1141 7.

@) Caudai C., Galizia A., Geraci F., et al. “Al applications in functional genomics” , Computational and Structural
Biotechnology Journal, 2021, 19, pp.5762-5790.

® Fudenberg G., Kelley D. R., Pollard K. S., “Predicting 3D genome folding from DNA sequence with Akita” , Na-
ture methods, 2020, 17 (11) , pp.1111-1117.

©® Avsec 7., Agarwal V., Visentin D., et al. “Effective gene expression prediction from sequence by integrating long—
range interactions” , Nature methods, 2021, 18 (10) , pp.1196-1203.

(D Roohani Y., Huang K., Leskovec J., “GEARS: Predicting transcriptional outcomes of novel multi-gene perturba-
tions” , BioRxiv, 2022, 2022.07.12.499735, p.5.
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FIARIB A0 | TS FVEAR 248 IEAE P sl B BT R R R . ALARIE & bR E 44
W HZAGSE IBM Watson E5 T A IR L R Z G “TRAREA" (Doctor Watson) , HJ F| e . 95
SRSCEREI RS A PR AR T A, USSR R AR . THENLIE T i 2 B T TR
SEEURE 2 . KA EUESS, BB S5 RS W . Blan, Skt BA 6 20 n BE (2N
ARH [ SR BIERG RS Ll BE RIS W R () — S0bE ik 889%™ s BT X B it T & 1Y AT BT T 258
T AU ARG AT R A AN NI BRI, I AR R4 & T iAo . RITRICR
17, BT ML AT sk e SRR P st . I RN VAR R BE 25 R - 5, R Tl 8
I S e BB Ty, B T S B IR A B BLAE AV IZTARICRY . AEIE B ET AP R & Jre
(RS, ARIEAMREIER A EF 8 . M PR ERE, B ILrssisw .
MBI . BN -BO e R IR T 1, ATBCARTERTEE T A i 4, E239
BB T A 22 R B A8, RIS B AR a0 i 25186, DL ST 3L N G B AR O F
KRG L2 DR RRYT

3.2tk

TG 2RI R — DB R B EL 8 BEANBA 8 SR il B2, 05 Sl s aisy, &
HAfET, 29WPERIOLSIRE,, 29 FUa AR, LAY IR PEDUAL G A RE#E ARG IR
RIS, ALBTREELS WAL AL . 25050 F R 3 MEAD (RHEAERD)) X =452 T
IETED |4 ﬁ%ﬁk JEHORZGYIBETT . 290 A2 BEAGI , D RRARSE RO . 25N
AT, W OR A DL, Alpha Fold 2 FUil A 288 (1 4] = 4EZ5H0 3B I T 25 98.5%°, FF

(D Soenksen L.R., Kassis T., Conover S.T., et al. “Using deep learning for dermatologist—level detection of suspicious
pigmented skin lesions from wide—field images” , Science Translational Medicine, 2021, 13 (581) : eabb3652, p.1.

@ Bao H., Sun X., Zhang Y., et al. “The artificial intelligence-assisted cytology diagnostic system in large-scale cer-
vical cancer screening: a population - based cohort study of 0.7 million women” , Cancer medicine, 2020, 9 (18) ,
pp-6896-6906.

@ Taliaz D., Spinrad A., Barzilay R., et al. “Optimizing prediction of response to antidepressant medications using
machine learning and integrated genetic, clinical, and demographic data” , Translational psychiatry, 2021, 11 (1) ,
p.381.

@ Dlamini Z., Francies F. Z., Hull R., et al. “Artificial intelligence (AI) and big data in cancer and precision on-
cology” , Computational and structural biotechnology journal, 2020, 18, pp.2300-2311.

® Yang Y., Yang J., Shen L., et al. “A multi-omics—based serial deep learning approach to predict clinical out-
comes of single—agent anti—-PD—1/PD~-L1 immunotherapy in advanced stage non—small—-cell lung cancer” , American jour-
nal of translational research, 2021, 13 (2) , p.743.

® Choi G. C. G., Zhou P., Yuen C. T. L., et al. “Combinatorial mutagenesis en masse optimizes the genome editing
activities of SpCas9” , Nature methods, 2019, 16 (8) , pp.722-730.

(D Wei J., Chen S., Zong L., et al. “Protein -~ RNA interaction prediction with deep learning: structure matters”
Briefings in bioinformatics, 2022,23 (1) , p.540.

Paul D., Sanap G., Shenoy S., et al. “Artificial intelligence in drug discovery and development” , Drug discovery
today, 2021, 26 (1) , p.80.

(@ Tunyasuvunakool K., Adler J., Wu Z., et al. “Highly accurate protein structure prediction for the human pro-
teome” , Nature, 2021, 596 (7873) , pp.590-596.
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SEPL TN RNA T ARSI B RE BE AL . 8Bt 55 MO T, 2018 AF-4 H (i FH TR B2 o 22 k4
ZMIFT S ALK R B 5 LR, ARG BT B s B 3047, A0 T4 )L
FIEIGE WS . ], TREE MR RS Deep LigBuilder it T 3T 25F B 25 15 AL R A
e, i Sk BT SRS SE B T A MR 2R 25 0TI =R . BT DLAILY AT
T-A Deep Tox il A2 73T HIFHS MBS R TN 70 T REVE, (69 FELGH) i e 4E 5 A [R) g
TGP T ATERINBIRCR . - R AU 32 B T3 R AL SRR B
K, HEASESHERARMMEESITEMIE . Xitl, ATRERSHREAL A 2R i s 2880, K
Az (IR AR 5 MR R0 2% (4 8 4R R BE I N R RSCR R I T T 20 . R TR A s B 2ot
I8, W3l 1A BT 52 2 01 Sk BE AR AR A R T AR o g, 17 ML AR idp
GANOSZIL Tl AU TN R, ERRAE M BE E B A B R, IR REIZ LRI 25
LISMNIRIR , AER3TH A ] LAZ IS AT

(=) PyBERl4ig

TEWV B AU, ML SEAR L FUE NG S AV AL B, Rl UG S S5 e s T R e, 7eAH
ILRRPRE T B B | BRSSP B AR A R . ATIEAERT Bk
R BB S . TEBZO AL AT SR 0] REE SRS RIS R 4 v A 38 AR ELAF
JIEARSCBE PRI, XfE LU S b MAREE AR S, T DL 3d o 42t AN ORI kO R 1A
HED o AU, ML R] A ) OO Bl (477 22, Gl X 55 A 2 A1 S R R
a5 RN S A R B AL AR . AZRIND T, AL GEpRMNE i kb (5 S A RITE. (hkih
RS KBTS GG, B BRAL BRI, ML XHEIBH G 1SS T Z ki
FURFIE T, L RERE IR A, (AR s L2/, BERSYIIR I, ATBALE
ARSI 1Y (BRI R A AR D) B9ERIEH, AWHERE 13 A BT A R &
. —L AL T BRI C ST R K, DimeNet A HEE 05 BAL R A MIZ M ZE T, ARSI 5

(D Xiong P., Wu R., Zhan J., et al. “Pairing a high-resolution statistical potential with a nucleobase—centric sam-
pling algorithm for improving RNA model refinement” , Nature Communications, 2021, 12 (1) : 2777, pp.1-2.

@) Segler M. H. S., Preuss M., Waller M. P., “Planning chemical syntheses with deep neural networks and symbolic
AI” , Nature, 2018, 555 (7698) , pp.604-610.

@ Li Y., Pei J., Lai L., “Structure—based de novo drug design using 3D deep generative models” , Chemical sci-
ence, 2021, 12 (41) , pp.13664-13675.

@ Mayr A., Klambauer G., Unterthiner T., et al. “DeepTox: toxicity prediction using deep learning” , Frontiers in
Environmental Science, 2016, 3, p.80.

() Wang D., Wang Y., Chang J., et al. “Efficient sampling of high—dimensional free energy landscapes using adap-
tive reinforced dynamics” , Nature Computational Science, 2022,2 (1) , pp.20-29.

©) Janson G., Valdes—Garcia G., Heo L., et al. “Direct generation of protein conformational ensembles via machine
learning” , Nature Communications, 2023, 14 (1) , p.774.

(D Foreman S., Jin X. Y., Osborn J. C., “Deep Learning Hamiltonian Monte Carlo” , arXiv preprint arXiv:
2105.03418, 2021, p.1.

Zhang R., Fan Z., Li R., et al. “Machine—learning prediction for quasiparton distribution function matrix ele-
ments” , Physical Review D, 2020, 101 (3) : 034516, pp.1-19.

@ Gasteiger J., GroB J., Giinnemann S., “Directional message passing for molecular graphs” , arXiv preprint arXiv:

2003.03123, 2020, p.9.

86



TR A B . A AR RIS B AR LR L AR USRAS AR B
FHRPEA T, WM FIEE AT RSO T B O o BR 7 IR T A8 BT i 39 5
BFRIIZE, AT CNNs 95 | IAE S SSRGS, CAREETE 2 2R NI 24, M
PG SE T S LRI B A RESE MUFIRE R 550 IAh, BT A AT DLAY A Zh & Remlfi T2,
AL EARIROOEHE, 00 EL AT RLPUIML SEAR A RN 58 A6 A o A I 31 ) 45 A 2 )
A, AEHE AR TR AT 1A

(=) PR

DA b, BRI A IR TP S AR E T EAH S AT . 2011 4F, G B YRR AR
ZH11R) (Materials Genome Initiative, MGI), BFr 205 AT T Actb B 2B . & . il
IR AIRERE . A5 MGLS KRB R A WL S T, B gk s E g A BHIT ST b ey BT A4
Tk, ATEARYAFRIr 450 -T 2 -TERE R R R, AT BIVR SRR R R

ARFTRR, HRTE R IC R IR L A A AR R R R Y, T MLEOR
AU B ARl A T REAE LA/ N N BRI . — 44 0 Atom2Vee FUTEIE LA N E HAL &
YRR IZ B e b A 2 ) IR RS R, SRS TERN 2 2% rhis e TR S ET AR
TRARAIE, DA R ROERRTEY . TR a0 AR, =T 2 AR R T LA FIEEA Lo
PUE T XA RO 2 OCHEZE MM R S8, A G I S e TT . AL LAY
DU BE R 280 g S B O3 BRAR BB Z A FEB R 1 AR ES M 2 RUS R, LIRR R G
BHOFEOE R [, B ML ™ AR AR e o 3RS s, 56N T HRTRU s = 19 1R,
HRZSEI S PERER AT RS 0 . ORI A e 5T B 2 ALY R B RRL L A T 58 AU A A2
BV, “atomly.net” R Tl 18 TR TCHUL SRR, TGRS ST MLASEAY
ST R I LA g A S WIRIE RURE R, 7 A TSR TN AE 0. 4R, b (B
THIFET) PORMEAS AR B RO R, | D6 | AL A BE ISR DG s e, T P v i
5 ST AR RH S 2 DA e i 1 0 S e BB A F MR DIRE R FHER AL T AT REY

(D George D., Huerta E. A., “Deep neural networks to enable real-time multimessenger astrophysics” , Physical Re-
view D, 2018, 97 (4) :044039, p.20.

@ Lao B., An T., Wang A., et al. “Artificial intelligence for celestial object census: the latest technology meets the
oldest science” , arXiv preprint arXiv: 2107.03082, 2021, pp.1-28.

® Pollice R., dos Passos Gomes G., Aldeghi M., et al. “Data—driven strategies for accelerated materials design” ,
Accounts of Chemical Research, 2021, 54 (4) , pp.849-860.

@) Zhou ()., Tang P., Liu S., et al. “Learning atoms for materials discovery” , Proceedings of the National Academy
of Sciences, 2018, 115 (28) , pp.6411-6417.

® Luo X., “Subwavelength artificial structures: opening a new era for engineering optics” , Advanced Materials,
2019, 31 (4) : 1804680, p.1.

©® Goldsmith B. R., Esterhuizen J., Liu J. X_, et al. “Machine learning for heterogeneous catalyst design and discov-
ery, AIChE Journal, 2018, 64 (9) , p.3553.

(@ Liang Y., Chen M., Wang Y., et al. “A universal model for the formation energy prediction of inorganic com-
pounds” , arXiv preprint arXiv: 2108.00349, 2021, p.9.

Chen X. Q., Liu J., Li J., “Topological phononic materials: Computation and data” , The Innovation, 2021, 2
(3) : 100134, pp.1-3.
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(P9) Bk} 74

Mo BRI AL ST SE . AUAGTAG . RESETIN . A ARG R AN R A B B A H R RR
Rhes (R B G NS AAF AR TG Atk i . SR, HERFL7 G BT W] A Sl At s 254y
HARRIRMARLMEC R, TEAFREEE LRI A TR A FIUARTRENE, s 50 T-BoE A
RO bR R GE S IUIFRTIT RGN AR R Y. T, BB . RUR T e
St (intelligent inversion) SFHH AL TBONMH IAMERIFL AL T2 AIHE, MLIAEABIZ
RS IEAEH DAL Bs AL il 25 8 . JOULIN bAoA A8 B O RPN R G 3. bt
SRR TR, LA A LS HERE . AR A A i ek ) o A S 7 Y
BRAE, BN, R SRR e S A R TR G, TR R e R g TR T A AR i
P&, Calid ALEORSEI T A Ge s M3 T Bty Jouki A AR B 20K, O Hadad iy FAR 269
Bl 520 TS A AR R SRR o — 20 . RARTITTIE,  EA TS R ALl
BRI R, SEEL T 200 )7V J5 23 A R SUZ BT . AR TR ik i KA 57 Ik
B E REOFERIER L, DLGETY BRI F A 2RO AR BE R AR AT BT . Besh, Mot
PHOTIH, A IS RESIAS THE LRI R G A RN AR il 1k A AR BT BRASE IR AR, ALEOR
AR | SENE AU TIN BE IR SR T T S I, AR IR B RO TRl R ME
BEWA, BT IRREEAR

=. MR R EE

FURZAG W - A% E (Jim Gary) FREfCRSRATRIA T8 . i, Bligdst, 3t
SR 2 DUV R B e A Tl 5 L ARE e AT, By ek T2 th {5 B4
AR FACEARMEER AW S A R AIA T, & TR 2O 10 4 PR RS e g — e
At TR, A ATRIRR AR RERE T i AN A2 LAAE ™ R S R P IR, H R+
BRI BEREP N T A s, @A W BRI, 51k TR R
FE2022 4F I TR BRA ARG S |, A5 L 5HE H Al for Science SEEESE T FHECE 2 T A LI AEE (1)

(D Karpatne A., Ebert—Uphoff 1., Ravela S., et al. “Machine learning for the geosciences: Challenges and opportuni-
ties” , IEEE Transactions on Knowledge and Data Engineering, 2018, 31 (8) , pp.1544-1554.

@ Toms B. A., Barnes E. A., Ebert-Uphoff I., “Physically interpretable neural networks for the geosciences: Applica-
tions to earth system variability” , Journal of Advances in Modeling Earth Systems, 2020, 12 (9) , pp.1-20.

@ Luo H., Karki B., Ghosh D. B., et al. “Diffusional fractionation of helium isotopes in silicate melts” , Geochemi-
cal Perspectives Letters, 2021, 19, pp.19-22.

@ Ravuri S., Lenc K., Willson M., et al. “Skilful precipitation nowcasting using deep generative models of radar” ,
Nature, 2021, 597 (7878) , pp.672-677.

(® Krishnan S.R., Nallakaruppan M.K., Chengoden R., Koppu S., Tyapparaja M., Sadhasivam J., Sethuraman S.,
“Smart Water Resource Management Using Artificial Intelligence—A Review” , Sustainability. 2022, 14 (20) : 13384,
pp-1-28.

©) Zdeborova L., “New tool in the box” , Nature Physics, 2017,13 (5) , pp.420-421.

D A=k (AT T ARG F L 3hD? vA Alpha Fold 2 f# & & 47 & A b w0 ), (EF54 %)
2021 % 64, H17—217R,
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AETHR, SDRHARIE “BEEORE RS TER Y0 X AT for Science B4t S HIERIAI RS,
A5 Xof B 22 ELACHIF S Gl ) SR 22 (A T BEA S SR OGRS 8T, (H AT LA RS, AT for Sci-
ence CAREDE TR AR IR | IR TR ABIRRAS, IR T XIRHAE BT PR AR

(—) BlEk B TB
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ABSTRACTS

(1)Seeking Happiness for All: The Early Chinese Communists’ Cosmopolitanism
Wang Yi -+ 14 -
From an ideal perspective, advanced intellectuals such as Mao Zedong yearned for cosmopolitanism.
In the expression of real politics, their cosmopolitan discourse revealed a strong sense of national concern.
The pursuit of cosmopolitanism and the concern of nationalism coexisted harmoniously after they trans-
formed into Marxists: Considering the international nature of capitalist aggression, they should carry out so-
cial revolution internally against international imperialism and feudal warlords as its spokespersons to
transform China, and carry out world revolution externally with other oppressed nations for transforming

the world.

(2) Changes of County Development Disparity in China and Its Coordination Path
Wei Houkai, Li Ruipeng * 37 -
The county economy is the foundation of the national economy, and the promotion of common prosper-
ity should be based on high—quality development to realize the coordinated development of counties. This
paper takes county as the basic unit to measure its development disparity in China. The results show that,
compared to 2010, the overall absolute disparity between counties is expanding and the relative disparity
is narrowing, but it is still high; the disparity between urban and rural areas in the county is narrowing;
both counties lifted out of poverty and other counties showed divergence. On this basis, the county is divid-
ed into four types: high base and high growth, high base and low growth, low base and high growth, and low
base and low growth, based on the changes in residents’ incomes in 2010 and the average annual growth
rate of residents’ incomes from 2010 to 2020. In the new stage of development, we should pay attention to
guiding the development of counties by zoning and categorization, promoting the integration of urban and
rural areas in counties, improving the long—term mechanism for coordinated regional development, and for-
mulating policies for the underdeveloped areas as soon as possible, so as to effectively promote the coordi-

nated development of counties.

(3)AI for Science: A New Revolution of the Paradigm of Scientific Research
Li Jianhui, Yang Ning * 81 *
Artificial intelligence—driven scientific research (AT for Science) is the product of the deep integra-

tion of Al technology represented by Machine Learning and scientific research in the era of big data.



Breakthroughs have been made in research scenarios in multiple scientific fields such as Physics and Life
Science. This novel mode of supporting the development of cutting—edge science and technology with Al
has been accelerating current scientific discovery, changing the way and process of scientific research,
triggering a new revolution in the paradigm of research, and generating a wide range of social impacts. As
an emerging solution to scientific problems, Al for Science still faces many dilemmas and needs national
policy support and platform construction. Through the cross—domain integration and reconstruction of the
dimensions of projects, platforms, and talents, the penetrating and revolutionary role of Al in the field of

scientific research can be better exploited.

(4) Predicament of Wu Xiongguang: Experiences of the “Barbarian’ s Advantage” before the
Opium War
Li Gongzhong * 136 -
During the British occupation of Macau in 1808, Wu Xiongguang, the Governor—general of Guang-
dong and Guangxi, realized that the opponent was exceptionally “unruly” and had the advantage of ship
and artillery. He was afraid that the Qing army could not win if the war broken out, so he could only take
the customary means, i.e., force the opponent to compromise by suspending foreign trade with the Britain
and then quickly resume it to avoid triggering a greater coastal defense crisis. Wu Xiongguang’s realistic
strategy did succeed, but was regarded by Emperor Jiaqing, who lived far away in the Forbidden City, as
too weak and shameful for the dignity of Heaven Dynasty. As a result, he was dismissed and punished, and
exiled to Ili area. This set a precedent in the history of the Qing Dynasty where governors were punished
for mishandling “barbarian affairs”. The predicament of Wu Xiongguang reflects the helplessness of the
Qing Dynasty’s ruling group before the Opium War in the face of increasingly obvious Western expansion
momentum and military advantages, indicating that similar experiences and greater crises will soon come

for Lu Kun, Lin Zexu, and others two decades later.

(5) A New Force Emerged Unexpectedly: On the Parallel Prose Inscribed on Paintings in the
Qing Dynasty

Lu Haiyang + 170 -

The development of painting and the parallel prose in the Qing Dynasty contributed to the emergence

of the parallel prose inscribed on paintings. Scholars in the Qing Dynasty not only wrote more painting in-

scriptions of parallel prose that has been accumulated by predecessors, but also created lots of painting

prefaces, painting narrations and painting postscripts of parallel prose that the ancients were less involved

in. They also made great efforts to the painting Fu of parallel prose. The main creative ideas of these works

were to continue the established methods of the ancients, but there were also valuable attempts of crossing,

overstepping and breaking through the style to create. As the “interpreters” of paintings, these works not

only had the function of documentary presentation for the form, content and creation reasons of paintings,
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