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Table 1 The representative chemical libraries used in DL-based
de novo drug design
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Figure 1 Representative molecular representations in DL-based de novo drug design (benzene as an example). (a) SMILES and FP; (b) CFG; (c) 2D-

MG; (d) 3D-MG (color online).
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(IR EE 23 A6, REEEEHIRAE 25 5 7 R .

Wi J5, YFZ2 0980 VAER R BEAT T ok, 4
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Figure 2 The DL frameworks in de novo drug design. (a) Enc-Dec; (b) RNN; (c¢) GAN; (d) RL (color online).
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Table 2 Representative DL-based de novo drug design models Y
BT (HELE) S FRAE+HF hRiE BT (HES2) TR+ e
ChemVAE™! SMILES, 7EMGER ¥ UCHIRE S SIME4  DeepLigBuilder™  3D-MG, 4747 F T il'SARS-
(Enc-Dec, CNN-GRU) RZ RN MHT MYt (MPNN+RL) HAENRLIKBIREL  Cov-24Mil7)
[63] B EE AL T A o . [34] 3D-MG, { FICNN{E
oA RN, SMILES, Conditional a,ﬁ?*'@’ﬁ T oS T _
(Enc-Dec, RNN-RNN) VAE (CNN) TR bR
GrammarVAE"” - ChemTS"™ SMILES, RNN e e o
(Enc-Dec, CNN-GRU) CFG MFICEG (RNN+RL) +MCTS Rt S BRI
CGVAE™ 2D-MG, fEVAEHESE SDMG REINVENT!®! SMILES,
(Enc-Dec, GNN-GRU) HEH T GNNHESE ) (RNN+RL) REINFORCE -
JTVAE [ 5 1 2D-MG REINVENT2.0"" S%%iﬁiﬁ%iﬁ?@ AfREINVENT
(Enc-Dec) +SMILESHHE 9N - (RNN+RL) AT T 2R {3k
HAFT 43
JAEGER" , e L BRI IS R DrugX'™ SMILES, fERNN#5|  FF#ilA2AR
(Enc-Dec) MIT-VAEIRAT 1 BB TP IR PIK 4300161 751 (RNN+RL) N T IRZ R 551
NeVAE"™ ;;DJ\I\/ITGJ%&@E‘%;J; it 1 s H 52D-MG ReLeaSE"™” SMILES, REIN-  Jil F-#itJAR 24
(Enc-Dec) Ej‘:c o - I VAEAE 22 (RNN+RL) FORCE+stack-RNN bl
Shape-VAE?" 3DMG Z?%ﬁfgﬁiﬁ DeepFMPO"" SMILES, f# ] TTD LA BeAFEA L7 4
(Enc-Dec, CNN-LSTM) FITHRB KITHS]3] (RNN+RL) g T
" SR IR A
Heteroencoder™! SMILES, Hetero-en- {E—/MA4= B AL ECAAEP" SMILES, EB PPN o e
(Enc-Dec, LSTM-LSTM) coder HT 2805 T3RAE (AAE) e s é%?%ﬁﬁ i H’ﬁé’;ﬁﬁfﬁﬁ
GTM-RNN"” SMILES, i  GTM{E %gﬁ;‘ggg%g DruGAN"* MEP PR HA W L
(Enc-Dec, LSTM-LSTM) JRFET H iﬁﬂu i (AAE) TR R T
Gentrl®! 2D-MGH DSMILES?E RIS R LatentGAN"® SMILES, Hetero-en- T &‘HEGFR‘
(Enc-Dec, GRU+CNN)+RL )\SOMVE?‘ZRL*E)* 1 I (U DDR L #1771 (AAE) coder HTRIACLKSIPRIH
H4T 43 il 7
o o MR 48R A
GraphINVENT 2D-MG, GNN+4J5 i FIGNNIEAAE LiGANN o AR
(GNN) SRR 2D-MG (CNN+GAN)  SD-MG, CNNFGAN i © 00 aR LI
TRAK-4311il] 7]
MoIRNNP? 5JMZ BEs R ORGAN™ AR TR 2
(RNN) 2D-MG RGBT TR (GANHRL) SMILES, GAN*RL ™ g ke sy g1, i
GEN™™ : RIS TRAER  ORGANIC™ "
(RNN) SMILES, X{ M LSTM 1085 R i (GAN+RL) SMILES, GAN+RL  XTORGANF &t
125] T L b [37] ORGANHIRTAHELE,;
RN e BEE Al TR KNG SMILES, GANWRL bR T %
- AN I 1 )
cLM?" s
RNN) MFP TREEE I ZR

a) A2AR: A2aflR 1% 52 1% (A2a adenosine receptor); DDR1: #AREEHIIH 52141 (discoidin domain receptor 1); EGFR: 3R A K H 752 1k
(epidermal growth factor receptor); GNN, P25 4% (graph neural network); HTRIA: 5-32 %52 /K 1A (5-hydroxytryptamine (serotonin) receptor
1A); IRAK-4: F A 25-152 1R AH <44 (interleukin-1 receptor associated kinase-4); JAK: Janusi#Aff(Janus kinases); KIT: & & BRI (tyrosine
kinase); MPNN, 75 2 A% i 11 25 X 4% (message passing neural networks); PI4K: T fIE Bt UL EE 434 B (phosphatidylinositol 4-kinases); S1PR1: 2 A1
TFERME 2141 (sphingosine-1-phosphate receptor 1); SOM, H A ZIMLET %% (self-organizing maps); THRB: H R ¥ 2 %2 f&beta (thyroid hormone
receptor beta).
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77 3 AR 2R 40 A5 M b T SMILES B 38 i T VAERE 7 (1)
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HE S th g F T4 37 250 e it i A5 28 eh B0%) - Transfor-
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Enc-Dec’E R SE AN B 26, TEIRANTIA D T3
AERGTEVE R, {3 B A2 0 = S (attention) HLA, RN R
J7 54 M Enc-Dect[F]; HIK, transformeridiid il|
R J5 LABUR LA K B (81U £ 75 384 H SMILES 7457,
MR 4 2 B A B 3B 43 7 A0 e R — A BLAE R
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head self-attention layer) KBy 11 7 41 A& i A5 55 53 1) 431
FAERAAE BtEE. 2k 31182 £transformer[t)
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dot-product attention functions)ZLf%, T8 iy
SREOCHE B, FE RV Ed 2 X 2) rw:
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attention(Q, K| V) = soﬁmax[QK Vv 2)

14,

HrF Q. KAV IR A v AR P . B RE 4 A R
dFERKI4EHL

3.2 RNNHEZE

RNNAAY DAL T 3CA ) 77 2R AE o+, W97
TR B BeSE EER BT AR B AR, dg IR
BT A A B 53 RINNASEAY AR T — 1] Y PR A 2 Y
KT AT UZ R, Hlgad 2B 26l & 0(3)
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T
maxP(x) = P(s,) l:[zp(s’|s”" 8P (3)

WAL, RNNZF 1A B A B e KA 731547
01 Var wer VORIEREHAIMEE, DR mME IR £
BCR 1A 9 T AR REVE R A, ZERNNJZ 2
i KA HEAZ N T2 2% (long - short-term  mem-
ory, LSTM)E{H: {2 U 1= 4 M 2% (gate recurrent
unit, GRU). 7ERNN#SAL A8 5 2 L #8 2% 2] (trans-
fer learning, TL), HALSGE M &gl MAHRIT S
5 ) B RIR AT IR SRR SR AT S5 15 2], AR K
TRNNEAY b TLAR S F & 1A S D E R € 25901
THE 55 oo 22 B R AT SR TR IS5,V 2 g0
CL2 R D A P TLACR RNNAR Y, A= i) 48 A 3 1
(A5 73 1. RNNAEXE T HADLAE B2 (1) L A T4
B o K FEA SRR, AR () 5 2 A0 I Rt LA
fiA] EL.

3.3 RLHEH

RLZ FH R Ab B A 78 T 3 in) i i N T REAESE, 7
AT RUEEZYR FH — > 22 Jil R 2 (G
W I T MR 25 ST 1 1 T B ) X A s 1 — AN 4
TSRS Es SREE AT VR5r, VP4 5 &5 Rz [2] 5
AR, DRSS N5 MRISAT3). RLEVIZad FE
K2d LA Je = (4) B s

maxR = ZGZS P(sp)r(sr) 4)
LN Gk F%2 3= 2R FH 70 88 0k A e #s RS IRAS s 7
HEAT 22 Jih, 8 2 umtRASs s 457 R K AL,
REINFORCE'"""""" L &% 55 45 - % W 48 22 (Monte
Carlo tree search, MCTS)">"* & #E RLIE 7 v 25 4 4
(RHEms BR 5. 914, REINVENT VA sy g 5] A
T Ui JREINFORCE SR IS iR %, BE BB LR E A2 7 1
PIERNE, N T AR T B R S R
—BME. T EEREINVENTI MRS, 1EE & 481
REINVENT# I [ ZEREAMATAELY, U B B A
5 FH B — 06 M AL B Wt AT 45 W 50E i BR R O e
77. B ABATT 1T T 2 ELfZD2524&(D2 dopamine re-
ceptor, DRD2)FEHT5, UE B IZA A [F I BA B br
R B AP RE 7). DeepFMPO! 4 Fl T REIN-
FORCENE bR £, 7EERE AN B, AT DRD2FI
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DRD4[PE 50+ H s e o v B e, BT v Bami Ak
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VAE, ZILChemTS 1] LA /b (1) 5 B2 5 A s BR AL 14
FREAR 143 T DrugEX M4 MCTS 5 — N XUERNN
gab, B D ARENZFIRNNAT— N2 33 Y Z: A RNN
LB — AN T, PURUEAE B2 T 10 2 FE PR
FiE.

3.4 GANAEZ
GANBELR! | 2B il as GRISE A 28D (7] LA B 14
T 28) 2 A, i B2 A1 = (5) BT

minmax
V(D,G
G D (D, G)

= E _p wll0gD@]+E__p . [log(1 = D(G(2)))] &)

L5 R AR A RN S 4 P 2 TR R AR, S
A DR A A A R 2 T S R (G(D(x)—0, D
(G(2))—0)), 1A= % MK B MR 7 A 23 - R
I S 35 ((D(G(2))—1). TR AW A T,
GANJHH 5 HABDLHERR B A . i dn, eI
45 4R, ORGANHIORGANIC i i GAN % 4l
R FIRLAL) R AR M 45 & 0 A U o 3b 47 V4, Bl
5VAERLA B T H %5 2% (adversarial  autoencoder,
AAB)X Rl & 2 E2 70 AABIE T 5] AGAN L j| 4%
YEH T VAERREAEZE, fE15EH X REE H AR KAL) A2 )
WAV RE. S VAEMLEL, AAER &A1 FIMFP
XA T RAEAE S HESE A A NP,

4 ETDLHERMEF YRR E
PRI b

TR B FE T DLHE SR 42387 245 v it B R i
PEREBEAT AT 1R, A8 5E AE AE 55 2 Ja ma xS
ATV, T e R R R AT R T
BT G ITEZ 12 R, R BT
AR T AT AR B S PR, KRR S BRI 1)
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Table 3 The evaluation metrics for generative models (G represents the generated molecular set and E represents the training set)

Sl BRI R
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Frag GRIEF LA P BRI
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a) Div: WL FE M (internal diversity); Frag: F BEAR{BAM: (fragment similarity); JS: B4 2 (jointly score); logP: HE7K 44 %% (the lipid-
aqueous partition coefficient); My: FEI4rF & (molecular weight); NP: KARF=PIHILIEF] 4> (natural product-likeness score); QED: 52414
(quantitative estimation of drug-likeness); SA: 7] & % 5 % (synthetics accessibility score); Scaff: & Z2AH{LL 14 (scaffold similarity); SNN: it S8 AHALL
(nearest neighbor similarity); TPSA: #f$h5 T HPE3R [H# (topological molecular polar surface area).
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Abstract: The design and discovery of lead compounds is the most challenging and creative stage in drug
development, and multiple attributes of candidate molecules need to be optimized in this process, such as structural
novelty, biological activity, target selectivity, synthesability, druggability, and safety. Although the development and
application of computer-aided drug design methods have substantially reduced the time and cost in the lead compound
discovery stage, it has not yet been able to reverse the current situation of low success rate of drug development. In
recent years, with the continuous development of deep learning (DL) technology, DL-based de novo drug design
methods have brought new opportunities for the discovery of lead compounds. The DL frameworks used by these new
drug design models include encoder-decoder, recurrent neural network, generative adversarial networks, and
reinforcement learning. In this paper, the basic theory, the input molecular representation and the evaluation metrics
of their methods are reviewed, and the application prospect of DL-based de novo drug design methods is also discussed.
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