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Ty R, s RRIE B R THSA RAS A TR . 7
TR, IRIEMROCROTR MR, YR AL
B E 1 7 RO T BLASE, (i T F 311y
HA A HRBER . GO A3 A2 o i Je 1 2 2
JE s, AR IZA RO RN . X R I A Bk
SN TR~ > TBIF R TR AR
AT

BLas2f I TE 73Rk # s i i FH AT LA B 3] 201
28704F4R, Hiller® A" F =2 ML INKE— 351
Jot HE B AN e FE U AY 1,3 - — 3 g 44 25 BTG Ak ol
TEPEIE T 7328, 2012904 AX, M2 28 FE T H A LA B
it Tz A, R A E AR - T OC R
(quantitative structure-activity relationship, QSAR)WF5Y
. B TSR R R R R R, PLEsaE I TE STk
8RN i 8 5 BN i o3 @ 1A R RS B UL o AN o
UK A Sk E AR U A N

P QnAnT (s AL A2 > 5 A A 1) 3 F Rk
[, e E A AL — D ARTERIPLES 7~
ARG E AR AT AR (1) SRR, aaaidE
P TEBAL R (2) > THERFT LG (3) B
SENZR BAEFII). ARG I DR S —
SE T[] 43 F R R EE R BRI S 22 B, JT R L BLA O
FEH AT REAAAE PR AR S HLIE.
1 Bl

AR A T SRR B P24 B M
ARG T 1B, 8 T LU 5 5 B 54
i, FTLCK B AT, onT st & R &
AT EE T AT AE . TS A R T LS
SRR SE, H—Bokul, — G RE 2/
BESOEIHE A, T AR (U e 22 X 4% ) e 2 A Rl
BRIFZ. AR TR R LA EZ T
LA FFARBC B IR AT IR 4328, % —26 FH AN 2L
PEIRHATE SN A, IEX A W AR IR T 1 515%
Biit(ERS).

1.1 iR

NIST(https://webbook.nist.gov/chemistry) & 3 [E [F
FAMEFARBET bR ES R R, & — 1w 4
T ) SORE T B I, 3R T P il . BERH AL
FHEUE . MARBEE . RV EEE . AR T RE R
Bl LDAMDGIEEE . B EdE . SRS AT DLGIE AR

IS EHE S5 .. PubChem(https://pubchem.ncbi.nlm.
nih.gov/)J& 3 [ [E 37 TAFFE Be i st 2 B0 1.
HIAHM T T12DZ5H . 3D A AR AR A
Ty FARMERT. AHOGIE S AR R B SC
R B RAAYE B 557 M. ChemSpider(http://
www.chemspider.com/) & 9 [E 5 K {2z & f P LAY
M2EEE BRI, Al DT R BT 630007 1451, it
DFREEANE R BT SRk N,

B 7 FIRE MU R ERE I, E NIRRT S
FIEAIE EBE R TS T AR R, MUECRM
(http://www.dcaiku.com/) 2 LB & T3 7 255
BRI P& . BAEE 7944805450kl Ak
G A0TSR REEUE . 90T NS LB, [F]
A T 112005 MG o0 150, A& 265
SR AR, UG ESRAR e RS
B BEARERES T itk R ke, P LLGE
S T E AR, EOW AR T A R R S5, S
B, FP IR DL H B 7 & B9 Atom-Bond+s 804 i,
A, R AR BT AR S . iR
T WebGLE AR 73 F-3DBRL /R, T S25 HAW
L )

1.2 Rk

RMGHHE % (http://rmg.mit.edu/database/) 2 H R
BT 2% BE William H. Greenl] A2 ST 1 BEAS TH0I 43F-34
JitE Bt BEARASON AR R s 1 o A
RMG T LA H Bl AR A5 A 270 18 8 B s DR Y S5
RiFLEE. ATcT(https:/atct.anl.gov/)E—FHrA7E, N
TR« A RN I PR AR S 0 A 2= ) 4 A f b 2 (E
CAnAEpcke . S AATE AR A ERE. RIS SE).
WTTH, T ERFERAR K 5K R 5 50 e = fe
T RZ /NI HE B RE RN SO FL B0 i 2B
XPHRIGE T4 1) o MR Bt 4T A T2

1.3 KA. Bk

KIDA (http://kida.astrophy.u-bordeaux. fr/) & —1<,
MREACEBHR P, B TR e s a1
BRSOV Y SO R, BR TR AR PR By
T8 12415 BA6, KIDARTH R TR RS2 E
EINZRIACEIE. MCM(http://mem.york.ac.uk/home.
htt) B 5 XL 2 B fife ok 72 b — RO AR K PR LA
& ¥(volatile organic compound, VOC)FJ AN S A L~
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N R, Horp L HE A B e A1 425 H e VOC I AR
FE s, FIR, el Rt T2 AL 8, #linrEvVoC
RE A AR R R A 11 Pl AP 52 R TR ) 20 A

14 /W), EAR

PDBbind%§ & % (http://www.pdbbind.org.cn/) 2 £
P BB 2 v T A AR ) 0 026 AR DG EK Y S 6 T
G, Rt TG aYnRe R 54 E B2
AR, FBIRE A 3 T 707 259k
ST TG FTY. A A R A T — K, 5K
At BR A B 1 SRR 22 1) 2 B8 . UniProt(https://www.uni-
prot.org/) &8 [ 5 FF 51 AT BRI 10 256 R IR BUR 12,
SR m SRR A BT SR E R,
PIRZ NESR H AR AT BeAh, s T RERA
SCHRC T B AE Y D Re (5 2.

1.5 . fbl

SDBS(http://sdbs.db.aist.go.jp/sdbs/cgi-bin/direct -
frame_top.cgi)/&—Fl H TA LGP 25 G OIS E s
FERY:, Hrh i 724 & Bt (electron ioniza-
tion-mass spectroscopy, EI-MS). f# B IH-AR 2T 4%
(Fourier-transform infrared spectroscopy, FT-IR). '"HA%
G HRT%('H nuclear magnetic resonance spectroscopy,
'H NMR). "C NMRi¥. #otH i 7 [ et
JEi (electron spin resonance spectroscopy, ESR).
SMPDB((http://smpdb.ca/)f—4~3¢ A T ALK 12,
ALEBI3 A AN R RE R LT
TRIEMREIEHY: . FosHy . EATHP ARG A
PR AR AR S R, SRR AR
R M ATTEEAE PR B AT REAF R A 528
AR 5 22 BOK A AN R SEZON R 22 12, 530
BARAG — B R . EEEATITH
(B HE A R A BE AL 7 25 R S TE A b P AT g
XL A S BRI i 7 A TR U
R SEAE TR R S B a7 > AR T B O L
W, TEVNZMERLZ A, Nk AT A7 B8 280 1 A Ak
B, X R PR ] E AT E D A, TR AL
FTIRIEGR BT B, 7T g 2x A B — R S [0 80 1) 5 A
A, BTSRRI RE A AR RS2 . TR R O
T, NP AR S 20 AR Z BT RAT O — R H
T
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TR RS LAY ] S AR R R B
SALIR, JEAR > TR DT IR R A, B R U IE
1A P RIEE S AR 2 T A R RUE SR b, T
PUE TR B AR . o 1R AT R BB 5,
SRR W) 30 i 1 RS AR 1 B AR . [, R
SRl e BAT YB3, DA DA ] S 4RAR I A A 3,
SCRAPTMAL R A] AR o> T RAAT A U AT —
TP FE G, mAR HATA 2R 12Tk, |
JERIP A — PPN E TR A L.

2.1 S5RRNARTT

gt b, FATHEA 1 R 451 B FROR 4
T R s R e, R SRR L
AT AT R AR 2. I UROR T LRI UL o F 454 3%
RITEL Hh, AR EUR— R TR R AR,
NP e i e a2 b R e U U et R N e
RECHEWMNILA: (1) BTF4MmmsarHea, W
MACCS"FIPubChem#§4; (2) JETHHFMNEAR 5>
FH8EL, WDaylightfg 40 I TreeS 4L; (3) R/ FHR4L,
fnMorganfg 8! MolPrint2D!"®. ECFP#54:!".
FCFP!"”4; (4) IRA4540, MUNITY 2D. MP-MFP”"4,

fai b ¥ 2 A ARV (simplified molecular input
line entry specification, SMILES)"' L& —Figl) 2 #:5%
M55 3. FESMILESH, JE 455 HR /R 5
¥, BEWIERDT B KRS FU NG fF5 320K,
MU =5t 3 0 5 = F#, S RG5O 2.
AR A SR R ok, A 2 P A
RT3 BB TR BN IR, [l — 7 F U R & AN
BN AT BE 2 A AN R A SMILES A5 52 . R T i keix
ARl [ PR FFR R4 (international chemical Identi-
fier, InChI)™ R H R 20 T3t T M — AOFRIRAT.
SMARTS(SMILES arbitrary target specification)/Z&7E
SMILESHfifh 2 FAYBGHRT™, SMARTS fisi4+{ii F it fic
FFFOR P, Rtwl) 3z B T2 B e
IOERAE e

B2 3 B N T W o e s A1) S a1 a2
P AT SUFIGAL. o T2k S SR 454, 7 1IR3
LD E SR AR A R SRS 5 B 1. 5
Tor TR K 28 I 28458 (graph neural network,
GNN)ITJLAE & AR, A4 [ (Coulomb ma-


http://www.pdbbind.org.cn/
https://www.uniprot.org/
https://www.uniprot.org/
http://sdbs.db.aist.go.jp/sdbs/cgi-bin/direct_frame_top.cgi
http://sdbs.db.aist.go.jp/sdbs/cgi-bin/direct_frame_top.cgi
http://smpdb.ca/

Pk

1 Fingerprints

8 Electronic density v |

7 3D geometry
Atom;=(Z, x, y, 2)

> /]

6 Bag of bonds/fragments

= I
C=S Ao S 5P
et A & "9
050 070 0% N0

Bl 1 (R ROR ()5 F AR R A 43 7o)

2 SMILES

[e1=cc2-C(C=CIS(=0)(=0)0)C(-0)C3=C(C2=0)C=CC(=C3)S(=0)(=0)0

5 Coulomb matrix

o ¥ 0 W
7 \\
0 o
g Molecule
0

3 Potentials

—

4 Weighted graph

/
/
/
/s
/
/
\ [
\ /

7 '3
/ /
/ /
/ /

Figure 1 (Color online) Different types of molecular representations applied to one molecule!”!

trix) L — PR 4TI, SR AR AT I ROR
AR REEA R BT FERE. 1B4h, 84 BOB(bag of
bonds)[zg]\ BA(bonds—angles)[m]\ BIM(bonds in mole-
clue)[m\ BAND(bonds-angles-nonbonded-dihedrals)m]
O F AR TT.

2.2 BMEPERRARET

TR RIS FROR YRR T T A HAER
TN, TR T — SR R AL s 22 ST B, FRATTAT LA
FIHCA & 500N, 1w HEA YR SCRRRAF,
MREARAL AR 22 2 MERE. — NP FRR R R % 2
i R LU 3AbRIE: (1) 2 FRymRER; (2) XFHPR
JEHERUR, (3) ALY, —SeIL T a2 ag
HLFRETE . dR i i P43 F 9L (highest occupied mole-
cular orbital, HOMO). AL 5453+ %iE (lowest un-
occupied molecular orbital, LUMO)RYHLIE it 2F &
— Al AR AT, [RIRE, — LB S s AT RN {R 4 g g
e RS AT BE AL, TP EREREAR
REATTAR AT A 7 AR (e S 1A AT, s s ot
COTEA: R F MM, #7n T 2 241k R BHROE
R ST ERRGARF ST T AR TR, S Uil

IO, IR TIEARE, B MY
PR, TR AR NMR AL A B A RE
FIARTF, 12 T B LG U B AR T .

I3 FAARAT AT LUMCHG SCH 2 A B e vh AR
AT DL — 28 L ] A il R A5 3 R DR A -
GONP¥| Mordred”®. PaDEL-DescriptorDﬂ . Blue-
Desc+ ChemoPyBg]\ PyDPI[”]\ chi[‘w]\ Cinfony[‘”]\
ChemDes 4535 . o238 13 — 265 b F ki
Gaussian¥5 1151521,

3 PHESk

LRI AR SRR T AT R R 25,
T B MBI b ) RN [ A Bl 2k
BUFIAT ST, W] LR — R GAS R R BL A 27~ ik
(#12). #2007 gy, TG B as ) . ol
2 RRARSE S S SCRRT PRI R
Bop I RJC B o A AT 4.

31 W)
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Figure 2 (Color online) Various machine learning approaches

TP X, 27 20 o A WIS S 1 ) pRAR 2R
1Y B bR dr M ) b R b AT 2= 0.
B A SRR AT DR B B (AN 2 BRIE E BAR TG P 03 28)
S SRR (N3 HE ) N TR . i oy A
PR R oMY, J5 B FR R I RS, 45 T R R N2
DL P M 2 > AR

FIZE DU 37 43286 B — S B A AR 2 AR
M7 dz DU B T A R A W A S k.’
AR TR AR D, SRR 1 AT B R
I8, FUE T Ar I, k- I AR R N AR [
TEABL 2 (B AR B A 74328 J0 % i 8 T i
N EBOE AR IE, Hrh o RE. SOk B AR
s SR AEUR . TR A B L. e
PLHTE 28 Kl [l vh, (B2 BAT 80 i 158 52 2%
BERNZS (M 2 B, 38 4R 1 Sk i e A A 548
RN ARG S8, HatER A, 2 72
I, ARG KA, SRR, SCRem &bl
(support vector machine, SVM)“** g —Ff — 34 piz,
A AU, SR REAS IR K 43 U 2585 4 5 HLL
frT TRl de K ) 3 BB P . BR T #7432, SVM
T A FAZ R T (kernel trick)RbFRARZEME SR, S@ad
PR3 ] v B AR LM I R 46 i e 4E 25 ) T 9 2k
[T A, /N RN, 455
fif e, ELR X S 500 5 A PRI e PR BURK.
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PR OLR TR E AT Sh o Rk g A AR A
WA ST AT RER S . SRR, 3X
R EIZEH 2R T R — Bl LA R R 42 5
BOF — ks, AIA5r LRI R EHE . sk
PR S M SR S, AR AR A
R AR 5 A A A B o) B A . ) S S
R ATk, R AR R R, At
ZREANE, 2 SR TR, X e A ) e ARG,
T DA B SR AE B R ke U, — AR AT B
WA BE A A R ZE R, BENLARAR BB 1. B
WLARMRSE: i 2 e S W L & T i Ak, HBaA
PRSFERT E 1 A R A R B 4 R

T2 W2 R AR SR B oM 12 9T HL A JE s 1Y
— R IR TR E 4 N A T R 2 R 2
BB WL . RIS 45 Bl 46 43 Rt A
J2 BRI R R Sy, AR T AN
WSS SR, R A AR LR, R
TR 2 TC 2 1] B TR SRR, IR Ak 2
AL R, R BTG BT S, Xk
PREESEIEATR L, WO PR B R [R] B9 i) R
PEATRERE. MR O 2ol R (2 B
FEhiRA S TR

32 el

BAR B A TR R N, (BT
b RIS TG A PRAR. W 2 S R
SR B AR 2 B AR R I 2, (B AT BRI
B R O E A AR A R B D, (A AT kg 5 (g
AR, NTTSEm HA SR, TolE 2> 5 Z AN,
BT 2 A A B SR AT B AR A G 1), BT AR
LSS T | e 1T | E P o 4 = =~ K 7 T (N i
AR, EAE RN T F R R B, gk
AL FRIEFRELAE. ROk, WHERE UL JLFRIC W - )
B TRER.

(1) A543 1 45 #% (variational auto-encoder, VAE)™*"!
S FRBEHLAE BRI H RS AT A M AL
Pi. Ehgisas . IER AT =B d k. ity
AT LUK I3 B R AT R RS e o JE S ] .
it FHIX AR 1Y 22 1) i H R, W] LA ok B AL ] 1 A
N7 RTINS S e e g I 0w € e R T E NS B e =¥ 1
7% N B BN /K = R R U S JREL I ikl a e IR
TES3F BT 2 1 T Iz 1R H.
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(2) FHL45 i (principal component analysis,
PCA) L — i L A S B30 0 A7 e 248 A G W >
. HHAR R N A PR IR 25 R, KRR
N2 R RIS &, IR 4
IS AR 2 S 7 S RS v A 5. PCARSERLH ]
TAE ST RIE 3 AT ORI e, LU Bk
e m HABAIL &7 > Bk I TR AR

(3) HHiX P M %% (generative adversarial network,
GAN)P NPk % BB SE UK. GANS: [RIINH)1| 2%
PR Az il A TR S 1] S AR A A T
P LSRR, AT BB S ER A H
(1R o 3 S < B ML SRR A v S AT R 3 L Ok
T A o8 19X 245 D) 222 R ATt JR O™ S ) X 2. PR I 2%
FEXT. AW SR, 2 H R M
IR R0 2 i A R R S LS. INZREF I GAN
HAA ARG A Ba A iR 7, BRIl LU T A2 A 5 E
RERYFN 3T, e T AR b e iz A A

4 B BReesy TR

4.1 5y FPETH

TEREAA A 172 [ Hp 6 17 v 50 T 43— P
SEAEE R 2] Tl h & B T A W s ). 3
JUAE, HTIRBES T W R, J P o P 91 duf tho £ T
HURJE, AUFESFREERE . LIS, AEWNETE. AR
e A AR, HEM . B3 (absorption, distribution,
metabolism, excretion and toxicity, ADMET)&4:HE L K
SRR 0 AH B AE.

Hansen® \ 2" T BOBHAY, ScBUHA ML T
MR FAGRE A2 DL R Jr - BT A8 e it ) T
IR A 531 B A TR, AR AT LA
PRBEAREEAS T TLAR A BRI T — R Ak
IISARS-Co V-2 /ML HE R ML 7 ST AL, I AT LASRAE
58 T S5 AR AR AR S £0 M6 I A0 AR £k,
h WEMISARS-CoV-25 AN JEACE2 2 [i] (14 552 B AH B A FH
PR T R EA ARG TR TR AR R
THET DGS9 H T RS LA 2 R
Ik, WP A S OGS 5 01 R R B AH N
g5k, xR I AEE R R B U 28 03 0l ik
B T97%H91%. PatonlAIBAS I % T — S GNNAEA,
RERETE Lo 2 — RPN TG HL A F i se, L Finl 45
SLAAXT T B2 PR P8 (density functional theory, DFT)

2E R A48 X % 2% (mean  absolute error, MAEY{Y A
0.58 keal/mol. Saini%F AP SRR S I7 1, MA
[7] 1) 21 A% R AR DG ) rh H2 B2 74 i g 20 401 1
PPERRTT, SCEUX SRR AT, Lee AP
FIRALES 2=, TR T R Y E R R RIS ek
SRS E AR . R AR, e, mtatE
GHEATIN, RIMFCRARNE, RIS 80d
FFZ )5, TGRS 21 i3
42 oy fBik

ST B TE LA E A AT HAT A OGO A 1
Rer -, WInlE ik 299 ADMETAE. VAE. GAN
YR Ak 2 S BERIAE I HRE I 25 43 B R )
U2 #8 . Gomez-BombarelliZE A" & T
VAE, it i R 2 o] rh 4wt () -1l i, A B
THAR P EER T, WS, KadurinZE APRF
KRB A O BT B dn i #% (generative adversarial
autoencoders, AAE) A UEA WilE L HUEREE I H 73
F, ZERIAAAS T VAER A TR A Lo e 80T v 7
T DL AR B RS e ). — R e &
R PSR A2 SRR A B 25873 1. Popova AP
FEVREE R Ak 2% > ik iy Bt T 45 fbng b
Z2>] (reinforcement learning for structural evolution,
ReleaSE). iZAARIAE i, T Az e AT FII0 R e R 135 o 2 )
2, T, AR R RIS R 43 I 2 W A ) B
W R, XA S fb2s 2] R A ISR, LA
o ) = A RIS e ELAT T 75 P PRl A M R B i A2 4
M. A AR AL A R RIAE Sy i gl vz v,
AFEAM R AR RN L Bt . 0, druGANPR X
Bivk A gl e e, RANCY SR s Ak 2: > Rt
4.

4.3 ERBE
43.1 IEm TN

BLESF S EART LU T & 5 5050 B A G aT
LI ) 25 B AR, A3 s B T L
HRHRCHIN Y TR R g F L R A2
F P50 dn, JornerdE AT T —AN
Job R (] S ABE AR T S A% A A S L g 2 g 3% Ak e A 7
Y2, IR AR Tt A A4, Tl 45 SR 1
MAE{E 40.77 kcal/mol. FR%E ¥ T2 i GreenlZl
BAICOOPOSTIEHL ge ST IS T /NS T A2 BB D5 T A
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THLARMBTAE. filn, #E T RMGEER R, Hak
RGN S B T T2 Bl i2 B AR A i Pk
i, I A S A SO LI A T AN I B AL
22 L8 124000 O A TN 2R, AR A R
A A L, Xk S A A T Ak SR AR X T A
P ERAIMAER2.6 keal/mol™; JF& T HI5S:
125 Arkane T BEAT (1 8RB T3S R ZRHR R,
AT EALE R T 2T o R PR S g
RAK, VUSZHGETHEEE 1K AR G R R
B, AR AR T A X S R R B T 4
432 #HE K

SR ] A B — B DR ER A WL 2= K W aEsE B
PRV, FEid A ILAR L, FATIWAE T HLasaE S 7%,
E e, Seglere N\ SRR BB R, 4
JRE TR X 285 LA R ok 28 285 AR 485 5 FH T3 0 6 il i
28, MATXF 120007 VAR AT S, S5R 0, %
T L TR AT T8 & RS L
B8R I R304%, I H M Ak TAE SRR AL
TR BT LA B NS 18 B 28 X 43T . Wo-
losi@izH ™ i I iE 1] & W Allchemy~F-£5, MK ZJ20054
P L A [ AL 10 1 374k 2 ity m 2 R RIS £ i 190 485
RS 2% BT 4508 1) R 2930070 B B 25 W) A 25 1Y
HELR . AN AT BRI N S R X 2 A A
PATE e, @ S g0 e T L rh LA R A mT
FirE. AR BRC YR AL 205 54> 718 (chemistry-in-
formed molecular graph, CIMGE R##iiAfF, it T
B LS SRR LANMRALZE I RS AE R TR SR AE,
R B REVE N IERE, VR R AL 5 BN 4R FAE,
SIARN TR R TR, FHEET 3804
RIS, AR 3 T2 7 B RG22 I 4 2
IS EIT R, 14000 R BIRETIIG, 15K
AR 35 458 7 T HIT SO S IO AR A B SRR 51194 %, T4
ARF TN 5 s 2 TR 10407 BHERG R IA 3]93%, 7E7H 7
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Molecular science is the core of chemistry, but also the basis of biology, materials, pharmacy and other disciplines.
Traditional molecular science research was carried out by experimental or theoretical means, which is costly, time-
consuming and hard to solve the high complexity system. With the advent of the era of big data, data-driven innovation of
artificial intelligence (AI) has become the fourth research paradigm after experiment, theory and simulation. With its fast
and efficient data processing capabilities, data-driven machine learning has shown great potential in molecular science
research.

A standard machine learning workflow usually includes three steps: data set construction, molecular descriptor selection,
and model building. Firstly, the quality, quantity, and diversity of available data impose an upper limit on the accuracy and
generality of the model. In Chapter 1, we classify publicly available data sources according to the research categories of
molecular science, including molecular basic information, combustion, atmosphere and interstellar, biological, protein,
pharmaceutical and organic. The contents, characteristics and obtaining methods of each database are introduced in detail.
Secondly, descriptors are the key step to connect machine learning and chemical science. A good molecular descriptor
should satisfy at least three criteria: a unique description of a molecule, sensitive to target attributes and easy to obtain. At
the same time, descriptors should have physical significance to help find the connotation of the model and realize the
interpretation of the model. In Chapter 2, we introduce some widely used structural descriptors and physical or chemical
properties descriptors. Then, once the data has been collected and represented with the appropriate descriptor, a model
needs to be selected according to the data type and research question. In Chapter 3, supervised and unsupervised learning
algorithms are introduced which are widely used in molecular science.

After introducing three important steps of machine learning, Chapter 4 presents its application in several subarea of
molecular science research. For example, in molecular property prediction, machine learning has been used to predict the
atomization energy, polarizability, electron affinity energy, ionization energy, electronegativity, etc. In molecular design,
variational auto-encoder (VAE), generative adversarial network (GAN) and reinforcement learning model are widely used,
especially in reverse design of drug molecules. In chemical reaction, machine learning has been used to predict reaction
barrier, reaction rate constant, quantum reaction rate and chemical reaction yield, and it has also made great strides in
backward synthesis. In theoretical chemistry, by training the potential energy surface of molecules and materials, the
structural evolution of materials and the prediction of chemical reactions are greatly accelerated. Furthermore, based on big
data and Al robotic chemists which can explore chemical reactivity and achieve automatic synthesis were developed. It is
worth mentioning that Chinese scientists have made breakthroughs in this field.

In summary, data-driven machine learning provides new tools for molecular science with clear rules and complex
evolution. However, it also faces some challenges and opportunities. Firstly, the biggest challenge is the lack of high-
quality data sets. Here we propose three possible solutions: open sharing of data and models, popularization of electronic
experimental record books, and construction of models that can fully mine information from small data sets. Secondly, how
to build explicable machine model which has good fault tolerance and good transferable ability, and can reverse reconstruct
our understanding of chemistry. As more and more scientists use data-driven machine learning models in molecular
science, the underlying principles are clearer. The new research paradigm is changing the way we discover molecules and
study molecular science, which could lead to disruptive new discoveries.

molecular science, data intelligence, molecular properties prediction, chemical reaction prediction, automatic
synthesis
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