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Deep learning-based de novo drug design: principles,
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Abstract: Design of structurally-novel drug molecules with deep learning can overcome the technical
bottleneck of classical computer-aided drug design. It has become the frontier of new technique research on drug
design, and has shown great potential in drug research and development practice. This review starts from the basic
principles of deep learning-driven de novo drug design, goes on with the brief introduction to deep molecular
generation techniques as well as computational tools and the analysis on representative successful cases, and
eventually provides our perspective for future direction and application prospect about this technique. This review
will provide ideas on new technique research and references for new drug research and development practice to
which this technique is applied.
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Figure 1 Architectures of generative deep learning models commonly used in de novo drug design. (a) Variational autoencoder; (b) Gener-

ative adversarial network; (c) Recurrent neural network; (d) Reinforcement learning; (e) Transformer; (f) Diffusion
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Table 1

Representative open-source tools for deep molecular generation

Tool Molecular

Year Tool name . . Database Open-source repository Ref.
architecture representation
2016  ChemVAE VAE SMILES ZINC/GDB https://github.com/aspuru-guzik-group/chemical_vae [30]
2019 GENTRL VAE SMILES, ZINC https://github.com/insilicomedicine/gentrl [16]
MG (2D)
2022 JAEGER VAE MG (2D) Novartis in-house  https://github.com/Novartis/JAEGER [36]
assay
2022 LiGAN VAE 3D Grids CrossDocked https://github.com/mattragoza/liGAN [37]
2017 ORGAN GAN SMILES GDB https://github.com/gablgl/ORGAN [31]
2018 Segleretal. RNN SMILES ChEMBL https://github.com/jaechanglim/molecule-generator [32]
2018 LSTMChem RNN SMILES ChEMBL https://github.com/topazape/LSTM_Chem [38]
2020 Lietal RNN SMILES ChEMBL https://github.com/Xyqii/RNN_generator [39]
2019 MolDQN RL MG (2D) not used https://github.com/google-research/google-research/tree/ [40]
master/mol_dqn
2020  SyntaLinker  Transformer SMILES ChEMBL https://github.com/YuYaoYang2333/SyntaLinker [34]
2021 MCMG Transformer SMILES ChEMBL https://github.com/jkwang93/MCMG [41]
2021 DeepHop Transformer SMILES, ChEMBL https://github.com/prokia/deepHops [42]
MG (3D)
2022 E(3) EDM Diffusion MG (3D) GDB https://github.com/ehoogeboom/e3_diffusion_for molecules  [43]
2022 DiffSBDD Diffusion MG (3D) CrossDocked/ https://github.com/arneschneuing/DiffSBDD [44]
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model) L5 1 T B SR TR 0 3 O JE, n Bk
O BRI BT A, B T A e g
MR, S5 3 A4 B B 9 R 28 SO A R AT
BARZFAER T H BT A M AT E, HLHATC
A TAR B AL =47y 5 A Bk b i B - 8 2,
Hoogeboom ZE™F| F EQ) & W& MK fa e T
DDPM 1) 7 7 Uk 72, = 455 7 A2 il I fa e 1 5
R T VAEAERY . Schneuing Z5™7E % T4 FE il
EJF % T DiffSBDD, Hokt 8 [T 11 48 1 4 28 [ R R A
R AFE ] =45 A e RN R 7R 1 A5 A ]
BExb e 8 PR A S s W SR A IS AR . ARECT R
R PE 2 SIRELR, B4 WO B AR R 70 7 2R R
HH AT R A AP B B, LA PR B D RE T R A S
3682 Y AT PR A AR R B — B
3 ETREFINSHAR TN A K
ARG FE T ARSI AT 2 TR B 0 1 A Bk
PRI v 5 B 2540 5 5 5 i AR ME B D R 1) (%
2), 5 KT ALK CADD J5 k12 F 10 2 0 SR ms LU R
L2 A5 1] et

Table 2 Case studies on leads discovery with Al-based de novo drug design

Number of ~ Number of . . .
Target/ Tool . Chemical structure of Bioassay Bioassay
Year . . generated validated . o o Ref.
Indication  architecture representative lead (in vitro) (in vivo)
molecules molecules
2018 RXRs, PPARs RNN 1 000 5 EC,;: No [68]
_ 0.06 pmol-L™" (RXRy),
S 2.3 umol-L™" (PPARY)
07 NH
COOH
2018 Multi-kinases GAN 30 000 50 Inhibition @ 10 pmol-L™: No [74]
101% (SGK1)
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Continued
Number of ~ Number of . . .
Target/ Tool . Chemical structure of Bioassay Bioassay
Year L . generated validated . o o ef.
Indication  architecture representative lead (in vitro) (in vivo)
molecules molecules
2019 DDRI VAE 30 000 4 a0 IC,,: No [16]
s N=N 10 nmol-L"!
W\
o @
““@j@
2020 p300, CBP RNN 672 1 03_ IC,;: Yes [78]
CFs 0
F/@Q,q o ) 1.8 nmol-L™ (p300)
2020 CDK4,Piml RNN Undisclosed 3 /O\IH Inhibition @ 10 pmol-L™": No [39]
/N\{q o 99.64% (Pim1)
N Ny
= |
HO
2020 Schizophrenia RNN 10 000 1 Q IC,: Yes [71]
S N 216 nmol-L™ (D,R),
OVQ(:\/VN\) N ;S 1.64 nmol-L" (5-HT,,R),
0.51 nmol'L" (5-HT ,R)
2021 Akt Transformer 6617 1 rN\ R IC,,: No [79]
N 88 nmol-L" (Aktl)
HoN N
o
cl
2022 DDRI RNN 19 929 2 R IC,: Yes [76]
Q 10.6 nmol-L™
2022 Malaria VAE 282 2 HoN_O IC,: No [36]
1.276 nmol-L™" (PI4K)
2022 RIPKI RNN 79 323 8 IC,,: Yes [77]
5.9 nmol-L™
o
2022 TBKI1 Transformer 1101 1 NGO IC,: No [80]
|\ /N -l
N 22.4 nmol-L
o
A HN




L S BT RS IR o T it R DR S S - 2617 -

3.1 &FEE

¥ 5% #& (nuclear receptors, NRs) #& — 252 4 %
PR T, BT RS RER Y3
I, B0 % AR AL 237 70 7 B RO S — N R %
BT, Merk B T Gupta 5T K 1AL 18 5 R,
15 AL #% 2 ) FEWE 2B R 4k H R 28 X 2 A& (retinoid X
receptors, RXRs) 5 i %8 1k 47 i 14 38 58 49 W 0% =2 4
(peroxisome proliferators-activated receptors, PPARs) ¥
BN 7 . 2T SRR R A KR A
@ I 2 B b s 770 22 0 g s B 2K ALY, i o 141 BA BA
“-COOH” Ayl if v Bt AT 73 7 A At @ X st
TET 7 =4 IRE BRrRESROA T A B R
5 QSAR #: %Y SPiDER #E AT iz UL i 6. 5 K AL T
1000 > SMILES {4l 4670 1, i Ja AN 491> 2 4%
YR>3 IR BT Horp 547 7 AT IR SRR UG AIE . Gl I
3 FH R ML AT S JEORER 4 38 N T Bk A&,
I L % AR R A E T 2 M AN RXRs 5
PPARy 354 XU 3 5 i& 4, o B sh RXRy (1 EC,,
5% A 2] 0.06 pmol- L' ET0 T4 & IRIE B T 462
B A LR S RS IR v B R R S AT AT, 5140
TUERBE RN R JE . RN % TR R A6
X, Fewf Sr 1 A R BE A ) T SR b S AR A
FR 3 A RE I, NS FH I 8 5 31 5 VR A R 2 BE R R R
737 S A Y 5 ) ) R UL 32 S 1k — 2B 4/ H A
3.2 HBHORERRKXZRN

% [ 2 B 524k (dopamine D, receptor, D,R).5-¥%
% 1A %2 4 (5-HT,, receptor, 5-HT,,R) il 5-F% {1 Ji&
2A 324K (5-HT,, receptor, 5-HT,,R) /&6 7 ¥+ 7> FLI0E
() EE EHE AR AF T DR L EE A 28— AR PR 1
2y HEAR A RN R B S, T [ AR AT 5-HT,, R
55 DR &5 52K 1) 55 AR EIA R R/ HEA AR
U DI RET 2 BN IG R G Bk o Tan SVVRIGIRR TIRE
I3 A PR AE 2 HE s HURS 11090 249 B AN A B A
B o 2T 5 R A AL 2 1 S R E N R AR 4R A,
Forh H T I 7% 5 o) 00 46 B8 48 EC, BUIC, K T
1 umol L™ ) 2 ¥E s3G5 1, B35 5-HT, R Bz 71 #1
D,R/D,R/5-HT,, R ABEHL o 13873 3 P H 4 (7] B 43
TR — BT AT B IR LA 28 (multitask deep
neural network) [ QSAR 5 &Y %5} A a4 F 3 AT v PE T
Mo AR EAE TR GR L R b, A A S R
SRR A, oA i QS AR AL TR Sy i i 1 )
KU TR T RITRS 2 > Bl 4 Atk 47 A 9
FIEAR . B ZAZAE A W] A il BT 20 B RS 1 B RS P
Wt S . AEZ S, E IR FE 10 000 157

TAER RN 31 B, T K b i 42 R G 24 W) 1) B
HEAL RFAE 21 log P I fiKi 73 TiC 5% 500 4k 1 AR 2k 2% 1 AR
(topological polar surface area) 1 A i 1% 5% 14 - 45 &
7 QSAR BRI T 45 A, B i€ T 5 AN R AL 7 1,
R TG 3 AT LI I E . &Y 3% DR
5 5-HT,,R [ 1C,, 4> 1 4 216 A1 1.64 nmol-L", & BiL
T AR 2GR R RIS XS 5-HT R A2 EC fE N
0.51 nmol-L™ {75 BE WG 24, 5 H AT SR IE R 2596
FiANE o BBt — B Wit G i T AE 31104
e, Rt Herb 6 AN HEAT T SR IR ERIE . 7R3 TR
WE S iz B 1 £ B A [phencyclidine(PCP)-induced
hyperactivity model] 1, {{7£ 0.1~0.3 mg-kg" 7/ & T,
& ¥ 8 RIVAT I3 B /) BRREIR T AN 52 i e B 235 30, (6]
P A RSN B S /b TR S7 R . 200 AR i
SRR T ) T o ) B s A S A 1) QSAR T5 ik
e T A #E S A R N L I T AL 5 1
WAHEZ R YT R I E R ).
3.3 ERHEE

HE BN R 2ot 5 ORI R A A
FUbRZ o #E 20224, L H FDA Otk 17 71170
53 ¥ VB 5 TR 0T B R A2 AR e R
E SR R O R AR A D e i g A T Y, A
TIN5 IS VIR A T 2 A S B
AL T, B AR R 56 Y8BT 5 RN 1 Al
Ay RO R RT3

2018 4, Putin S5 A S f 8 1 2 T GAN 1
A R B 2 SIS R R I 4B g A 75 . 1% AR
% ORGAN Z 41 LAE#& 7 XF $t B fE #h 22 1 5L
(adversarial threshold neural computer, ATNC). It %Y
I I 2 T AU S X TR AR LA v
122 X 28 56 4 5 1) SMILES (1) AR GE /7. 7E SEIR0 3 IE
1, >k H Thomson Integrity Z# 22 (12 3 T3/~ &A1& 14
FR 5l 0 o0 R A DR I SRR B N X %, I e R R )
ATNCHith 7213 JiAMxike rr THR 80k . &k, 15
FAEH T H L 251 A 2 R T B AT DUER B 2R 24y
To NBORART T B SRR R O T R A
A, BkR T 5 INZREE 7 T Ha SO L T 0.7 F AR A
5F. fJa, it SciFinder 5 ChEMBL 34 i 16 %
TR T R 731 i o IS PR AR IE . Z B SE T
50 /i 3G R 40 43 1 45 A8 e R B I R b AT K gy
A7 VA0l 0 o) PR 3K, b 7 AN & ) #E 10 pmol L
IS 0 A [ 7 i g 35 A R I 50% ] =R, JF H 2 MK
HYRI B RE B . % TR A ORI T S
P SIS 25 A BB N IR, AR B R B Atk
1T IR H AR S8 & A B & AT PR 55, (H LTS
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A& TR FE 73 A s Y AE S 3 0 R B b IR 1k ) R
H, &7 1R FE 53 1A BUAE 259 % I 40U ) LR 7

1E QR ST 1, — 4 J5 Zhavoronkov 25U ]
ZA T HET VAE ZE R I A2 il R BE 2 ST R AL AE 7
A% T TR 9 il — UK 45 Y SR 32 4K 1 (discoidin domain
receptor 1, DDR1) #fill 5)¥ v+ AR B I S, 724 T
BOR B2 52 o 1% B BN G 2 A2 Bk Ak s Ak o7 =)
(generative tensorial reinforcement learning, GENTRL)
B R 3] e AR 13 BT I 6 ML G AURERT 21 K,
L& 1 A0 2 #9342 Lipinski J5 U, %f DDR1 [ 1C,, 4>
29 10 M1 21 nmol-L™e R4 B T AR B A R 48
g AR U A R 3 R, SR A R AL B R AN
B R AT HZEEY S C S e
(ponatinib) £ 1k 27 5 14 b iy FE AHALL, I H7E 3 e 1% I
MM FAFEER AT, —RAZ S E IR A IRIE 1% S5
(AR P 24808080« AN TR T a8 AR R B 2 ST AR B
FEAE AR o3 F, Tan S5 LR R ZH 117 3 % 30 ER) s 41 4
Y i A= K K 7 324K (fibroblast growth factor receptors,
FGFR) 1] 71 DC-1 [ 5C #8 BEAZ N He A B 48, 3047 1
Bt X% DDR1 ) AT 237 70 F 50 . Z BB R 7 —Fh
BT = JIHLI 1) Seq2Seq B H LI BRAZ 347 42
&4, B S FULIC 73 1% 595K ChEMBL £ ok I
f¥1 902 1~ DDR/FGFR /) 73 -1~ #)1 f1l 771) 7 1 EE 20 Ny 36 42
AN SR Bt i Bar ), RS N I 4 3 AT )
25, 2558 BRI R AL B ) 76 BEAZ (W 48 € A g AT AT 2R .
A SR 2 S AR SF L e I (3,4~ Pk e P 1 2R AT
XULL B A, HeF= 4219 929 44 . ZHIBAME T H
W ) Kinome X WG F0M - & i35 AT i £ 1 T, IF)
I Glide 70 7 XA it — 20 Re gl i ik, B 28010 17 A
WA MEAT G AR . SR BN, EY)
2 /& —FpER ¥ DDR1 #15] (IC,, = 10.6 nmol-L™); B/
TR 7R, 7 100 nmol- LR BE R A6 &4 2 (U0 iR
JVER £ (52 /3% C (tropomyosin receptor kinase C) =
A2 55% FR A 2R, SR I kR o 1% [ BAGE R
FREBR RN T /D st 45 1 %% [dextran sulfate
sodium (DSS)-induced inflammatory bowel disease] 15
R T 24 &Y E AR N B R E 1, 45 R 2os B 5T
42 DDR1-IN-1 3§ PEAH Y o 0 TAE 2 IIRER 17 W
256 N AL A58 7 1 Bt H0R 545 48 CADD g
AT WO AR H0H 5  B, JF LR #h T Zhavoronkov
ENTTAERIAE

LIS B UL B SR R T BT
TR 4 - A S AR i v AR R BB O A o 7R (4 9
o AT TAE R, A iR BE 22 ST A 2R 5 2R
FEPIA A1 L R, J T BRtR A 1E WAL 5 4 1 4 SR s

St T H AT BN R B AR . AR DL AR R
ZARA HAE H & F 5 1 (receptor-interacting protein
kinase 1, RIPK1) [ K37 7 B2 H 1, & 56 LA ZINC
s E 201 600 J3 AN A BN 73 A i Ao 15 A
AT YIS, 2 J5 LLSCRR 5 & R4 E 11 1030 > 2 AT
RIPK 1 5 N B AT I 2% o), A RMET
79 323 Mk Sy 1. Bl S Ml A% St CADD SR B i
— PR AME A ] O FE T IS S YA S R
MMl U, @ FEF 25 A B AN 7 7 6 B i 1)
RE LI I o B 1% A A AT 3 B BT R S0 ML &)
IR T 8 AN A o TAE R A AT S X
JAEWE VA o AR SCER AR R AR IE T X 4k A RI-
962 I 7T, %4k & W%t RIPK 1 H AT 3k 8 v 301, v 1%
KB GNEEIR % (IC,, = 5.9 nmol-L™), it -F-4k #h 4 fa b8 5
[ AR 34 FH 5 T I PR 265 90 GSK3145095 A1 24, 1 44
P T 28 25 R AL T GSK3145095. 15 3 [4] A filt H7 £
RIPK1-RI-962 {15 52 & W) 45 14 7= iz 58 34 o 11 &Y
TN 1) 77, G OR o 2R A 45 14 AN RIPKRF 7 1) A8 )
B, P KEHUKM AR, REs 1 miEtes
RV BRI TAE M S BT RUR B R R
()R] e e, LI PR R BIF FE R N T 43 THI, A& H A& TR
FE 2 ST A 230V v 1) 3 28 R FH S8 491
4 REERZE

TEMHT R B R IE BRI KT = T, 499
Bt AR % T T AR T A R DS AT A b
EHE, AH— AR AR K EEN T H 3.
Bk T v I R 0L A% S N 3 s AR, AR R R
JE 2 ST R R D B R G A8 T BRI
B, BN 4 BT 25 BT I B R AT

INGY T EII R I R I8 B AR e R b A
FRIRERS . gL S 2R o T iHE
4 CADD #4038 o 1) B AR ARER T R R R AR X
I TS 1 7 O 0 R 28 24 5 1) 17 J R P o B3 5 VR VP Ak
2% 8] P A 43 7 R AR DTG PR R SR 2 1, S o 2 T
e AR SRV AN W AR A 3 1 85 A DA T 9 e e
PN PP B N A1 Rl T TR 7N i o S S (0B~ N
JE 2 ST (A H 2990 43 1 BT SRS S DA B B AR AR =X )
BESERE. —J7H, B0 ERA SIS S BN
FAYE O 5E T 3B 2 >0 SR W AR AR e I A Bl i 1 1Y)
L5 ¥ B2, B J A A% G0 i 1000 0k O vtk — 2D R AR AL
27 () DA B vy o 1 9 A 3 1R 40 T R AT SE IS 58I
53— J7 1, TR SR RAE B B I AR R TR B A
)RR ) T S PR S A Ak . L b, £ 4
CADD AR B 438 o T % iE R RE 2 2 T DL B P Rt
S, SR T L= A 1) R AU 4 T S E T AT AR T H
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AT (PR B A2 T ¥, 3 A vl L “RR R BR B 7 ¥ A% 5 AT
SE [1): BT HREAE 23 T R 5 05 5 s B 300 4 2 1 1
B TC V2400 JeK b PR 2% AR S A 25 5 [ i 3R A5 A2 6 3 B 45
¥, A TETE R UE R 40 T 420 C AN 2R 24 4 1 1R 1 SR
TES, 52 M E, IR o T AR O B B KA AR T
HERHHIERS)” . LFRFRNFE T BN
i, A5 7Y 1 Sl M B i AR 1) Ak 2 088 &5 #4) SMILES F 5
B S RRAE, 8 2% 2 B A 4 18 £ B F 8 R
RO, TR T RS FA G T, BT
5 3] BB AR 2 2 SR W AR AR B AR R Ay I 1), 845
AR R 43 - B R R E T B TR I S R AE . R
B H 0T AR R E N R 2 A S e
SR AR SRR SR, B L0 e 2 BT R BLTE M I K
FREFER R ERIFERTAT, HF BAEBh s R vh 5 1
T RFERERS T A A1 Hh 78 o5 5 — R AL b 2
8], BE— BT R I A5 T IR .

BT IR 2 ST A8 25 B A R — b B0
375 T AR BT RUR IR, 4h 243 1 E i R R IR
A E T B T A R B 2 SIS AR A 4y
TR H TR BE AR s A P A
#5 ZINCE . ChEMBLE A1 GDB™, 34 Jy JF ik 35 By 11
p AL E P ES . I g 5, A e TR E A
BN F 5 S AR B A28 5 7 DL R AE A A 2
Ak 2 00 7, T 2 56 F T 2R 30808 = 08 v
JiE B o R AR 507 A B = R — AR v .l
WK, TR TR E R ANBCLE 2T J oy
T AT 783 VI, e SR A AR B 5, 1 HLXF
H i A EE SR RS PR TR s R . BB R, 10
SR B RTE /N I R A5 S AU i B AR i SRR
AR [F FE R 4 A R0 7 BRIk 2 A, A B v
FRF) kBt 2 B . ChEMBL {E N KNy F
EEEEAE E, AR E T RESEENES ST,
AHEE 22N ZINC W5 3 A6 & 9 R vk a] K& P, GDB H
M) 531 D00 58 4 2 T o B SRS R A R, R A AE TR 25
I A v 5 R A 25 S ] ) 28 2 P I S B N E A I
Z RV AR IRANIR T

T 48 259 5 7 %k 1 A R FE R 5 HoAh
T B T — B T B AT R M DK DL VR Al M e .
MOSES™* 5 GuacaMol™ & P Ff 3 it (1) F: o N 7,
T3 9 VA 0T AR A A BT 4 T B BT AT BB 4R
% FEVE S8 F 2R 25 4R An AT IR, fE o i e L —
RIULSEUIEM R 2 HAsthAuRe 1. RS ik
HEMF & Ok 72 N T VRAh 8 FH 22 PR RE, 28
T sk 5 DGV T B R 48 b 1T 20 TSI BB HH R B AR R
TR B 1R A2 2% 75 R, 2R A T IR A T AT S

RS R IR A JOE T FR AT T
i — kK.

ARSI B 0 1D S 18 16T R B T TR FE A )
48 299 57 - BT E BRI A R AE S b MR R
B G [ AL B O R, SR T AR T TR SRR Y g S
R, HAN AL TR K B B, BIZ4 R v oK S AR
IR GAE=SLEMHR”. 78 H Al oA JFiRIE K
11 48] 97 Fi] iz [ AR 10363908 TLTAT6500 Ay A A (il 4 38 1 o =
VI N 285 ROCEHE T, SR Z R e R B T S B
1) B AR AR AEAE BRI IR T 23 (0] o 7E1X 28 Bl ) S 451
o, 1] BUE 2% 48 CADD H AR A28 Ak #5 5%5 A vl B A
fEM . 2T QED Y5 SAscore [ #] 5 i IR 7 T AT A= il
()53 B A B AR R LG 1 B T4 48 Sy AR AU T
SRS B TARF R B M IR 15 2T
QSAR . 24 25 [ 455 84 RN 4 7 5t 432 140 o 00 0 3% 7 v 06 1
G /MY R R O B, AR E R E S T AR
1M, 1% 48 CADD i RAT A B 4 0] 75 Al ke —
D7, R T8 ARG G AL BAR R IR 1) M 4
TR B AT 75 R 0 2% 18, B -B AR SE AN 04T 5 ek A0
K B2 5 456 B R U I B A Rk LAY 5y —
J7 I, T HLES 22 T 19 QSAR B RS K 43 K 42 45 7R i
15 56 7T FH 0 5205 O P A A i e D e, G
REMIE— DTS2 B PR HIPY . 7E CADD Hi AR HE D [ 2
fiti b, % 48 CADD TR BE 5 24T 55 IR FE M 42 I 28 55 AL
AU A A Bk — D5 e SR R IR, R
CADD 5 A& ¥ 257> 7 Wit AL B 5 e

LT VR B 52 2T (AR ) Wit 2T 10 45K ATAE
&G 2 PR B B K 5 2 — P — S a8 Tt
FOURIE 28003800 A B xR B 2 ST 1 v BB DR, B v
B0 B 2% 7 SR 5 B St g ) A R R BE 2 S R A
TR S TR B 4y AR RS, A O R R A
DA R YE TE AR 3E A W L 55— J7 T AL G 25 WA 5 4
I AE RRAR 22 3B FH 3K — 3 5 AR S UL A 3 &, AH oK
FEAR R RAE CARVE RIS B el 2 — 112 %8
XS ARAE S B % TR, ATAE 1% U381
FH R AL DB B HRF IR FE 5 S SRS W A B 29 it
HE— BB 1250 R B, AEAS T2 DK R BN AR W) R 245 1
it

PR T 42 B 150 i RS 4 T 96
T V5 RVE AN HEAT SCRRAS, 28 RS 3 L 7 18 SCHEZR R 47 57 18 ST
B, ELMARMESE .

FUZEASE: BT A 1R 75 BHAAFAE R 26 v 5%

References

[1]  Cherkasov A, Muratov EN, Fourches D, et al. QSAR modeling:



2620 - 242 %4} Acta Pharmaceutica Sinica 2023, 58(9): 2610-2622

(2]

[3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

where have you been? where are you going to? [J]. J Med Chem,
2014, 57: 4977-5010.

Ghosh AK, Gemma S. Structure-based Design of Drugs and
Other Bioactive Molecules: Tools and Strategies [M]. New
Jersey: John Wiley & Sons, 2014: 12-13.

Tan XQ, Xiong JC, Zhu TF, et al. Development of drug design in
China: 40 years of achievements (in Chinese) [J]. Sci Sin Vit (1
[ RL 2 B dRE), 2019, 49: 1375-1394,

Aitken M, Kleinrock M. Global Trends in R&D: Overview
through 2021 [EB/OL]. (2022-02-10) [2022-12-24]. https://www.
iqvia. com/insights/the-iqvia-institute/reports/global-trends-in-r-and-
d-2022.

Hamet P, Tremblay J. Artificial intelligence in medicine [J].
Metabolism, 2017, 69: S36-S40.

Krizhevsky A, Sutskever I, Hinton GE. Imagenet classification
with deep convolutional neural networks [J]. Commun ACM,
2017, 60: 84-90.

LeCun Y, Bengio Y, Hinton G. Deep learning [J]. Nature, 2015,
521: 436-444.

Humbeck L, Koch O. What can we learn from bioactivity data?
chemoinformatics tools and applications in chemical biology
research [J]. ACS Chem Biol, 2017, 12: 23-35.

Rifaioglu AS, Atas H, Martin MJ, et al. Recent applications of
deep learning and machine intelligence on in silico drug discovery:
methods, tools and databases [J]. Brief Bioinform, 2018, 20:
1878-1912.

Sun DX, Gao W, Hu HX, et al. Why 90% of clinical drug devel-
opment fails and how to improve it? [J]. Acta Pharm Sin B,
2022, 12: 3049-3062.

Hiller SA, Golender VE, Rosenblit AB, et al. Cybernetic methods
of drug design. 1. Statement of the problem—the perceptron
approach [J]. Comput Biomed Res, 1973, 6: 411-421.

Yang K, Swanson K, Jin W, et al. Analyzing learned molecular
representations for property prediction [J]. J Chem Inf Model,
2019, 59: 3370-3388.

van Tilborg D, Alenicheva A, Grisoni F. Exposing the limitations
of molecular machine learning with activity cliffs [J]. J] Chem Inf
Model, 2022, 62: 5938-5951.

Janela T, Bajorath J. Simple nearest-neighbour analysis meets
the accuracy of compound potency predictions using complex
machine learning models [J]. Nat Mach Intell, 2022, 4: 1246-
1255.

Kim J, Park S, Min D, et al. Comprehensive survey of recent
drug discovery using deep learning [J]. Int J Mol Sci, 2021, 22:
9983.

Zhavoronkov A, Ivanenkov YA, Aliper A, et al. Deep learning
enables rapid identification of potent DDR1 kinase inhibitors [J].
Nat Biotechnol, 2019, 37: 1038-1040.

Vanhaelen Q, Lin YC, Zhavoronkov A. The advent of generative
chemistry [J]. ACS Med Chem Lett, 2020, 11: 1496-1505.

(18]

[19]

[20]

[21]

(22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

Xu YJ, Lin KJ, Wang SW, et al. Deep learning for molecular
generation [J]. Future Med Chem, 2019, 11: 567-597.

Elton DC, Boukouvalas Z, Fuge MD, et al. Deep learning for
molecular design—a review of the state of the art [J]. Mol Syst
Des Eng, 2019, 4: 828-849.

Wang M, Wang Z, Sun H, et al. Deep learning approaches for
de novo drug design: an overview [J]. Curr Opin Struct Biol,
2022, 72: 135-144.

Winter R, Montanari F, Noé¢ F, et al. Learning continuous and
data-driven molecular descriptors by translating equivalent
chemical representations [J]. Chem Sci, 2019, 10: 1692-1701.
Weininger D. SMILES, a chemical language and information
system. 1. Introduction to methodology and encoding rules [J]. J
Chem Inf Comput Sci, 1988, 28: 31-36.

Weininger D, Weininger A, Weininger JL. SMILES. 2. Algorithm
for generation of unique SMILES notation [J]. J Chem Inf
Comput Sci, 1989, 29: 97-101.

Skinnider MA, Stacey RG, Wishart DS, et al. Chemical language
models enable navigation in sparsely populated chemical space
[J]. Nat Mach Intell, 2021, 3: 759-770.

Krenn M, Ai Q, Barthel S, et al. SELFIES and the future of
molecular string representations [J]. Patterns, 2022, 3: 100588.
Krenn M, Hiése F, Nigam A, et al. Self-referencing embedded
strings (SELFIES): a 100% robust molecular string representa-
tion [J]. Mach Learn Sci Technol, 2020, 1: 045024.

Li Y, Zhang L, Liu Z. Multi-objective de novo drug design with
conditional graph generative model [J]. J Cheminform, 2018,
10: 33.

Polykovskiy D, Zhebrak A, Sanchez-Lengeling B, et al. Molecular
sets (MOSES): a benchmarking platform for molecular genera-
tion models [J]. Front Pharmacol, 2020, 11: 565644.

Pillai N, Dasgupta A, Sudsakorn S, et al. Machine learning
guided early drug discovery of small molecules [J]. Drug Discov
Today, 2022, 27: 2209-2215.

Gomez-Bombarelli R, Wei JN, Duvenaud D, et al. Automatic
chemical design using a data-driven continuous representation of
molecules [J]. ACS Cent Sci, 2018, 4: 268-276.

Guimaraes GL, Sanchez-Lengeling B, Outeiral C, et al. Objec-
tive-reinforced generative adversarial networks (ORGAN) for
sequence generation models [J]. arXiv, 2017: 1705.10843.

Segler MHS, Kogej T, Tyrchan C, et al. Generating focused
molecule libraries for drug discovery with recurrent neural
networks [J]. ACS Cent Sci, 2018, 4: 120-131.

Olivecrona M, Blaschke T, Engkvist O, et al. Molecular de-novo
design through deep reinforcement learning [J]. J Cheminform,
2017, 9: 48.

Yang Y, Zheng S, Su S, et al. SyntaLinker: automatic fragment
linking with deep conditional transformer neural networks [J].
Chem Sci, 2020, 11: 8312-8322.

Wu L, Gong C, Liu X, et al. Diffusion-based molecule genera-



L S BT RS IR o T it R DR S S

2621

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

tion with informative prior bridges [J]. arXiv, 2022: 2209.00865.
Godinez WJ, Ma EJ, Chao AT, et al. Design of potent antima-
larials with generative chemistry [J]. Nat Mach Intell, 2022, 4:
180-186.

Ragoza M, Masuda T, Koes DR. Generating 3D molecules condi-
tional on receptor binding sites with deep generative models [J].
Chem Sci, 2022, 13:2701-2713.

Gupta A, Miiller AT, Huisman BJH, et al. Generative recurrent
networks for de novo drug design [J]. Mol Inform, 2018, 37:
1700111.

Li XY, Xu YQ, Yao HQ, et al. Chemical space exploration based
on recurrent neural networks: applications in discovering kinase
inhibitors [J]. J Cheminform, 2020, 12: 42.

Zhou Z, Kearnes S, Li L, et al. Optimization of molecules via
deep reinforcement learning [J]. Sci Rep, 2019, 9: 10752.

Wang J, Hsieh CY, Wang M, et al. Multi-constraint molecular
generation based on conditional transformer, knowledge distilla-
tion and reinforcement learning [J]. Nat Mach Intell, 2021, 3:
914-922.

Zheng SJ, Lei ZR, Ai HT, et al. Deep scaffold hopping with
multimodal transformer neural networks [J]. J Cheminform,
2021, 13: 87.

Hoogeboom E, Satorras VG, Vignac C, et al. Equivariant diffu-
sion for molecule generation in 3D [C] // Proceedings of the 39th
International Conference on Machine Learning. Maryland: Inter-
national Machine Learning Society, 2022: 8867-8887.

Schneuing A, Du YQ, Harris C, et al. Structure-based drug design
with equivariant diffusion models [J]. arXiv, 2022: 2210.13695.
Doersch C. Tutorial on variational autoencoders [J]. arXiv, 2016:
1606.05908.

Blaschke T, Olivecrona M, Engkvist O, et al. Application of
generative autoencoder in de novo molecular design [J]. Mol
Inform, 2018, 37: 1700123.

Goodfellow I, Pouget-Abadie J, Mirza M, et al. Generative
adversarial networks [J]. Commun ACM, 2020, 63: 139-144.
Creswell A, White T, Dumoulin V, et al. Generative adversarial
networks: an overview [J]. IEEE Signal Process Mag, 2018, 35:
53-65.

Recht B. A tour of reinforcement learning: the view from
continuous control [J]. Annu Rev Control Robot Auton Syst,
2019, 2: 253-279.

Bickerton GR, Paolini GV, Besnard J, et al. Quantifying the
chemical beauty of drugs [J]. Nat Chem, 2012, 4: 90-98.

Ertl P, Schuffenhauer A. Estimation of synthetic accessibility
score of drug-like molecules based on molecular complexity and
fragment contributions [J]. J] Cheminform, 2009, 1: 8.

Graves A. Generating sequences with recurrent neural networks
[J].arXiv, 2013: 1308.0850.

YuY, Si X, Hu C, et al. A review of recurrent neural networks:

LSTM cells and network architectures [J]. Neural Comput, 2019,

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

31:1235-1270.

Popova M, Isayev O, Tropsha A. Deep reinforcement learning
for de novo drug design [J]. Sci Adv, 2018, 4: eaap7885.

Silver D, Huang A, Maddison CJ, et al. Mastering the game of
go with deep neural networks and tree search [J]. Nature, 2016,
529: 484-489.

LiY, PeiJ, Lai L. Structure-based de novo drug design using 3D
deep generative models [J].Chem Sci, 2021, 12: 13664-13675.
Yang L, Yang G, Bing Z, et al. Transformer-based generative
model accelerating the development of novel BRAF inhibitors
[J]. ACS Omega, 2021, 6: 33864-33873.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need
[C]// Advances in Neural Information Processing Systems. Cali-
fornia: Curran Associates, 2017: 5998 - 6008.

Devlin J, Chang MW, Lee K, et al. Bert: pre-training of deep
bidirectional transformers for language understanding [J]. arXiv,
2018: 1810.04805.

Qiu XP, Sun TX, Xu YG, et al. Pre-trained models for natural
language processing: a survey [J]. Sci China Technol Sci, 2020,
63: 1872-1897.

Grechishnikova D. Transformer neural network for protein-
specific de novo drug generation as a machine translation
problem [J]. Sci Rep, 2021, 11: 321.

Blaschke T, Arus-Pous J, Chen H, et al. REINVENT 2.0: an Al
tool for de novo drug design [J]. J] Chem Inf Model, 2020, 60:
5918-5922.

Yang L, Zhang ZL, Song Y, et al. Diffusion models: a compre-
hensive survey of methods and applications [J]. arXiv, 2022:
2209.00796.

Ho J, Saharia C, Chan W, et al. Cascaded diffusion models for
high fidelity image generation [J]. J Mach Learn Res, 2022, 23:
1-33.

Li X, Thickstun J, Gulrajani I, et al. Diffusion-lm improves
controllable text generation [J].arXiv, 2022: 2205.14217.

Evans RM, Mangelsdorf DJ. Nuclear receptors, RXR, and the
big bang [J]. Cell, 2014, 157: 255-266.

Lagarde N, Ben Nasr N, Jeremie A, et al. NRLiSt BDB, the
manually curated nuclear receptors ligands and structures bench-
marking database [J]. J Med Chem, 2014, 57: 3117-3125.

Merk D, Friedrich L, Grisoni F, et al. De novo design of bioac-
tive small molecules by artificial intelligence [J]. Mol Inform,
2018, 37: 1700153.

Reker D, Rodrigues T, Schneider P, et al. Identifying the macro-
molecular targets of de novo-designed chemical entities through
self-organizing map consensus [J]. Proc Natl Acad Sci, 2014,
111: 4067-4072.

Marder SR, Wirshing WC, Van Putten T. Drug treatment of
schizophrenia: overview of recent research [J]. Schizophr Res,
1991, 4: 81-90.

Tan XQ, Jiang XR, He Y, et al. Automated design and optimiza-



2622 - 242 %4} Acta Pharmaceutica Sinica 2023, 58(9): 2610-2622

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

tion of multitarget schizophrenia drug candidates by deep learning
[J]. Eur J Med Chem, 2020, 204: 112572.

Roskoski Jr R. Properties of FDA-approved small molecule
protein kinase inhibitors: a 2023 update [J]. Pharmacol Res,
2022, 187: 106552.

Roskoski Jr R. Classification of small molecule protein kinase
inhibitors based upon the structures of their drug-enzyme com-
plexes [J]. Pharmacol Res, 2016, 103: 26-48.

Putin E, Asadulaev A, Vanhaelen Q, et al. Adversarial threshold
neural computer for molecular de novo design [J]. Mol Pharm,
2018, 15: 4386-4397.

Walters WP, Murcko M. Assessing the impact of generative Al
on medicinal chemistry [J]. Nat Biotechnol, 2020, 38: 143-145.
Tan X, Li C, Yang R, et al. Discovery of pyrazolo[3,4-d]pyridazi-
none derivatives as selective DDR1 inhibitors via deep learning
based design, synthesis, and biological evaluation [J]. J Med
Chem, 2022, 65: 103-119.

Li YS, Zhang LT, Wang YF, et al. Generative deep learning
enables the discovery of a potent and selective RIPK1 inhibitor
[J]. Nat Commun, 2022, 13: 6891.

Yang YX, Zhang RK, Li ZJ, et al. Discovery of highly potent,
selective, and orally efficacious p300/CBP histone acetyltrans-
ferases inhibitors [J]. ] Med Chem, 2020, 63: 1337-1360.

Wang ZQ, Ran T, Xu F, et al. Deep learning-driven scaffold
hopping in the discovery of Akt kinase inhibitors [J]. Chem
Commun, 2021, 57: 10588-10591.

Song SK, Tang HT, Ran T, et al. Application of deep generative
model for design of pyrrolo[2,3-d] pyrimidine derivatives as new
selective TANK binding kinase 1 (TBK1) inhibitors [J]. Eur J
Med Chem, 2022, 247: 115034.

Liu RZ, Song JK, Liu AL, et al. Progress on the application of
artificial intelligence technology in ligand-based and receptor
structure-based drug screening [J]. Acta Pharm Sin (24 % 22 9)),
2021, 56: 2136-2145.

Aruas-Pous J, Blaschke T, Ulander S, et al. Exploring the GDB-

(83]

[84]

[85]

[86]

[87]

(88]

(89]

[90]

[91]

[92]

[93]

13 chemical space using deep generative models [J]. J Chemin-
form, 2019, 11: 20.

Pierce AC, Rao G, Bemis GW. BREED: generating novel
inhibitors through hybridization of known ligands. Application
to CDK2, P38, and HIV protease [J]. J] Med Chem, 2004, 47:
2768-2775.

Schneider G, Clark DE. Automated de novo drug design: are we
nearly there yet? [J]. Angew Chem Int Ed, 2019, 58: 10792-
10803.

Rifaioglu AS, Atas H, Martin MJ, et al. Recent applications
of deep learning and machine intelligence on in silico drug
discovery: methods, tools and databases [J]. Brief Bioinform,
2019, 20: 1878-1912.

Irwin JJ, Tang KG, Young J, et al. ZINC20—a free ultralarge-
scale chemical database for ligand discovery [J]. J Chem Inf
Model, 2020, 60: 6065-6073.

Mendez D, Gaulton A, Bento AP, et al. ChEMBL: towards direct
deposition of bioassay data [J]. Nucleic Acids Res, 2019, 47:
D930-D940.

Blum LC, Reymond JL. 970 million druglike small molecules
for virtual screening in the chemical universe database GDB-13
[J]. J Am Chem Soc, 2009, 131: 8732-8733.

Moret M, Friedrich L, Grisoni F, et al. Generative molecular
design in low data regimes [J]. Nat Mach Intell, 2020, 2:
171-180.

Brown N, Fiscato M, Segler MHS, et al. GuacaMol: benchmark-
ing models for de novo molecular design [J]. ] Chem Inf Model,
2019, 59: 1096-1108.

Pagadala NS, Syed K, Tuszynski J. Software for molecular
docking: a review [J]. Biophys Rev, 2017, 9: 91-102.

Wallach I, Heifets A. Most ligand-based classification bench-
marks reward memorization rather than generalization [J]. J
Chem Inf Model, 2018, 58: 916-932.

Chen HM, Engkvist O, Wang YH, et al. The rise of deep learning
in drug discovery [J]. Drug Discov Today, 2018, 23: 1241-1250.



