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Abstract: The optimization of drug molecular structure is a crucial step in enhancing the efficacy and safety
of drugs. Its primary objective is to rationally adjust the molecular structure to meet the strict requirements for the
comprehensive performance of drugs during the research and development process. However, the vast chemical
space of drugs and the complex multi-objective optimization tasks pose significant challenges to this process. In
recent years, machine learning techniques, represented by deep learning and reinforcement learning, have been
widely applied in the optimization of drug molecular structures due to their powerful capabilities in information
mining, feature extraction, and nonlinear fitting, providing new ideas and methods for drug design. This paper
systematically reviews the latest research progress of machine learning in the optimization of drug molecular
structures, deeply analyzes and compares their application advantages and characteristics in different structural
optimization scenarios, summarizes the main challenges currently faced in the optimization of drug molecular
structures, and provides a technical perspective on the possible research directions for future structural optimization.
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A B Top 25 keywords with the strongest citation bursts
. Machine learning Keywords Year Strength Begin End 1998-2025

Artifical ipicllgeico Optimjzation Support A 2005 2081 2005 2019

Drug discovery Drug design Validation 2006 7.55 2006 2020

Sl Classification 2005 1821 2005 2018
e N Virtual screening Proteins 2009 5.87 2009 2021 ———

Identification 2006 15.1 2008 2019

Wy, o Inhibitors 2007 9.56 2007 2017

gorithm Models ;
W Support vector machines 2006 16.98 2006 2015 —
by s Virtual screening 2009 8.5 2009 2016 —
System ki tlearaing Ratin et Artificial neural networks 2005 7.32 2012 2019 o —
Aereedig B Random forest 2015 8.48 2015 2020 —
Identification % Molecular dynamics Database 2012 6.7 2012 2017 —
Database Drug discovery 2006 541 2006 2010 —
Derivatives Feature selection De novo design 2019 9.51 2019 2022 ——
Dalles Prediction Deep neural networks 2018 7 2018 2021 —
g Drug el Global optimization 2016 6.73 2016 2018 PR—
Tool Do Sl Graph neural network 2023 6.64 2023 2025 —
Force field - Graph neural networks 2023 593 2023 2025 =
Mechanical property 2023 5.33 2023 2025 —
Sepportvectarmacine (< S, A Tikiars Scoring functions 2017 5.1 2020 2022 C—
Model Neural network Structure - based drug design 2020 6.72 2020 2021 -
Glide 2022 6.06 2022 2023 -
Docking Amino acid composition 2019 6.06 2019 2020 -
Neural networks Metabolism 2014 5.6 2020 2021 —_—
Deep learning Ciassification Library 2003 543 2021 2022 D —————
Discovery Computer-aided drug design 2021 529 2021 2022 -
Figure 1 Visualization of keyword analysis graph. A: Network graph of research hotspots; B: Graph of keyword prominence analysis
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Figure 4 Framework diagram of graph neural networks and convolutional networks for drug design. A: Framework diagram of graph neu-

ral networks for drug design; B: The core convolution rule of convolutional neural networks. ReLU: Rectified linear unit
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Figure 5 The evolution of model technology in drug molecule optimization using graph neural networks (GNN). A: Static representation

era; B: The era of dynamic optimization; C: The era of cross domain migration. GAT: Graph attention network; GCN: Graph convolutional

network; RL-PPO: Reinforcement learning - proximal policy optimization; DRAGONFLY: Drug-target interactome-based generation of

novel biologically active molecules
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SIROTC MBS 2 SIS TR, Bk 2 SIS T A i 2, T
JE B 5 NS TS 3R A5 I S i, A T AR ok B oK
W& o RS ST H AR 2 5 S R B AT 3l LIRS
KA KA ™ SR S O MES N H F 1
A 5T (K 6B), Agent — & 25 ¥ iH 1AL Envi-
ronment SN 2P 5T PEAR PR EE, BT DEAR 259 1) 25 T
1 F 25 3 22 1 5T 5 State N2 H) oy 1 IR I A (o
SMILES 5 [ 45 #); Action Xt 431 45 #4 f H 1) 1 8,
AN B B 1Y) B RE S5 AE ; Reward N 294y
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Table 1

Performance and characteristics of the GNN model. PPO: Proximal policy optimization; GRASSY: Graph scattering synthesis

network; MOLER: Molecule-level rewards; GraphMVP: Graph multi-view pre-training; HierG2G: Hierarchical graph encoder-decoder

Strength

Limitation

Applicable scenario

Model Core technology
GCN Neighborhood feature
aggregation
GAT Graph attention mechanism

DeepGraphMolGen GCN + multi-objective
reinforcement learning (PPO)

GRASSY Geometric scattering
transform + regularized
autoencoder

DRAGONFLY GNN-CLM fusion + zero
sample generation

MOLER Diffusion modeling +
subgraph template generation

GraphMVP Multi-view pre-training (2D/
3D)

HierG2G Hierarchical diagram

Efficient extraction of
molecular local features
Multi-attribute joint
optimization
Multi-objective attribute
prediction/generation
Molecular validity, high
synthetic feasibility

Rich in molecular backbone
diversity

Excellent stability of
generated molecules

Enhanced generalization of
molecular characterization
Support for macromolecule

Ignore node heterogeneity, weak
global feature modeling capability
High computational complexity,
difficult to scale to large molecules
Long training time consuming

Dependent on scattering moment
precomputation

Dependent on protein structure data

Limited coverage of template library

High 3D data requirements and pre-

training costs
Slow generation speed

Basic ADMET prediction

Target selective
optimization
Multi-attribute molecular
generation

Complex topology
molecular design

Targeted drug
synthesizability design
Modification of
derivatives of known
structures

Small sample molecular
property prediction
Antibody/peptide drug

generation generation

design

FARAG B0, Wvd P BRI A AR A
22 GRAFKARIRE: BUEINHZEMENA
I JRA] Kk 5% (markov decision process, MDP) J&
SR ) P EREHELE (B 6C). Ty /R AT K Tk HE A2 A 5
W2 SR T — AN ECEAR Y, R AR 43 W] 45 R
G BEHLE) PR SR R b T e B (£ 4T 8 . MDP %/
SANIRAF LR O RS2 H S, iR RGN A T RER
AERPIRAS, FPRAS S, 378, @ shE (0] 4, AR GefknT
PURHC A Z04E, o, R ; @ R P (s']s, a),
TR B REIRAERE S AT ENE G, HB BT — RS
PIRER; @ 2LJh R LR (s, a), HRRIERE s AT NE
afa, BEEM RGN, © KIS x (als), H RN E e
RIERAS s TILFENNE a KRN B R 704 . MDP
s 2 43 A b, SR 7> T AIRA 2 18] (SMILES/E/
3D G); A KM g TAE (J 7 B F 8 e &
i), R WARER 2 & 22 il ek 2. MDP (1 52 F 415,
W Fu R 7 —Fp b S R AT R sk i 72 (evolu-
tionary markov decision process, EMDP) H + Zj ¥ %
ite &40 MDP i& % LA 73 F/E AARAS, T EMDP
AT 72 T8 Fh i (population) 1E APIRZS, K Bt 4L vk
AP B (RAEFNZE ) AFE N MDP 8 7E . Hrs& i1
EMDP U R DL i 2 R 2R 2R A0 5 25 1) 400 1] BE WL A&
AT AN R R P2 mid A% FE R R A E I . 52
56 45 JLAE W, B EMDP [ 54k 38t 4% 575 (reinforced
genetic algorithm, RGA) 7E 259 i% i RE E A2 E Al &
ROt AR R T 5RO K E A4 &, JF HRGAZE
gy 10T B T7 1 R LA T Autogrow 4.0 Graph-GA
STV, NI 2 R I AR SR A TR T

2.3 EBUFIHXRMLBIR: NMEIBMENE
REHIIRIL

sEAL S =) B AR T LA SR DA S IR SRR S Rl i) o
KA VPl SR B 11 B, SR A 2T 51N T M 18 R 2R
(value function) A 3l 1 1/i {8 P& %X (action-value func-
tion) >k ] BT 5K W (¥ = 1KY . ME R (o) T
TEAGTES AR x T, ARG NG 7 v e 3045 1) 1 22
ST AR IR AR A2 9) T

i) = IE[ X7 R, X, = x]x e x 9)

H IEARIHE, y RITHIH T, R, RN FERS H]
Wt B e+l R R A K . (A 2R 2 v (x)
B MIRES x TFAG, AT 58 o 1S NME

S48 s AL, S 8 R £ Q7 (x o) F T PR Ah
ELERE T, B RIWENE a, 2R )5 G 5E0E 7 e
ARAF I R, H A Rk R B A X (10)
THE:

O"(xa)=1E[S7 ¥R, X, = x4, = a].

xeyaeA (10)

2305 O R @ AR 9 MDP, HHeIR 2 2 43
T AT B, 2 h R PR Al . X — i AR
b, SR OB B EOU Oy # 22, I ek BOE U 7V R R
A R, T BLE AR ) T7 51 2 4 R i
CRAS 5P 7)) (077 s Ak o [RS8 Bk EnT DAAR
NANTE, TP T R BARIE 7

Zhou 5FPVEE G AL AU ENRSE T FIRE Q
M 2% (molecule deep q-networks, MoIDQN) #E 2% | %
HE SR 12 HI A Q 2 21 5 AL A A 8 R 25, A Bl 2 ) 2%
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of molecular structure
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Repeat

Figure 6 Core concepts and application scenarios of reinforcement learning. A: Core concepts of reinforcement learning; B: Application of

reinforcement learning core framework in molecular optimization; C: Markov decision process (MDP)

R AL SN AE O A8 B A, FF LSR8 ek Hoh 1) Bk B
THEUIRAS U8 ek 2, 3 o & i Rtk . ERAE
TG K 23 B 2R BN A (logP) IAE 55 v, WF 72 BB A%
i MoIDQN 5 GCPN.JT-VAE.ORGAN %5 3 2§ 5 74 3jF
175 b, I DU ST 46 9 i 7K 43 B B B8 5L (penalized
logP) 1E 42 il B B O BT B 4R A, AL AT — X
Iy TABEHRAE, M 2K PE A2 205 7 T 1 penalized logP
B3R EUAH 2 22 iy, fe £ 38 3o S W 1) 2 S s DL o KAk 2R
A . it 28I 2 FFAE, MolDQN HUfS 1 11.84
) penalized logP 73 %, 7EAH [F A PF A 451, GCPN.
JT-VAE #1 ORGAN Jt BU15 i) penalized logP 7 #3111k
T 11.84. b4k, & MolDQN AL 1Y 73 7, Ho /v T4 3%
PEIEE] T 100%, 1 ORGAN A 0.4% . {E 25 AHALPE
PRAGAT 2% 1, MoIDQN ik | 1 0.948 [t 25 &, 1 T
JT-VAE ] 0.925 FIl ORGAN 11 0.896. MolDQN HzE 22 i
FRE T TS R I AR e PR ARE AR R 2, Rk
HSEIL T B bRy ARG, R I AE R B AR

k.
24 BUE TEBNS FHRAORA R 5 KA
e

S S 2] IR L 2 SR ML AR 5 ST I K 203
SRR, AT IRRHEZE B SRS YT EAFAEAR I 7
TR 57 2] 32 Bl K HUBEHCHE P 3R HURHIE, 2214 2
J2 AR 8 A 5 I AR 4 S B e 4 A0 TR, AR HEAT 2y
Rl F AR Th RIS K8 . 5ZAR
(A, dAL 2 5] LSy R AT R e S R v B SR A, L%
O JEEAE TR R B AR S B 2 1] N B A SR EA A,

T T S TR FEE AT A AN S R L ) S S IR R 3R E AR
W5y T s, SRS ST T8 B
BOES I B R AT o T ARG SRR, BAE
RIEA B IR EYEREE . £ 50 1A
B S 2T TN R R A R T RIE R K
J&& BV ILARTR FE % 2] IR B 1) AE BB AR« Q-learning fF
SEAL S ST IR FA ST, B Watkins 25 1992 4R 1E 42
, KB ZAE S I sh R E sk 2, H T8 S 86
IRAE R B RS Ik FERENE T AT B K R ARl I 2 AE Y
e, 1552 BEBY BE A Q-learning I & A T 2591 4 F 11
tbo JEK, Zhou ™ K Q-learning (4% 71 & double
Q-learning) & FH T 43 D0 A AE B2, 30 3o 4 0 52 R AL 2%
5 AR S &, PR TH T 4TI Aem
MoIDQN #E2Y . o ], You S0PV HY 1 P& 45 AR 5 I Y
#, SEIL T R e e M g S Ak e SIS, IR E OH
Tk, & GNN 5 RL 75 254 = B A i B 44 T
YEo 4TI, SRS L2 4 TR AL IO A% O B AL 45
A RS Y Vv B SR A | 2 2 BORUAE RN AT A R
IOAIE
241 HFFERSER: NFFIEIESEHNEEE IR
i#
2411 FHIEBNE 5 F L A : SMILES 5 Trans-
former WEEE 7 TSR ST £ 18 2k
Mo B, TEPE RN & A% (1) 150 4 FE Ak 5 23 (R 1E AT = 2L
AR FR 2 — TR LA 55, 170 v BT B s 10 B0t BRI
Pt — 2B 2 T BRI ZraEaf Y, Fok, fE 4k
R Y 528 4y 1 o B 4% 55 U7 1 R B A BRI K P
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G, AR SRTEARAL 2 T I 2R vE EAE R R . SR
S22 B T O 2 AL S Ak E bR R, (E 7R BT B A
T 2 FEAGA G 75 T R PSS, 25 5 M N R 0 o A 1
PRI . B 159 1 3 T 1 1) A BT VA 2 1 380y
TS 7 — S8k fg, v R dn el A Bl 2 R 4y - 5
G I A 18] R AT SRAFTE PR

Mazuz 283 Y 7 —Fh 3L F Transformer #1555 IS B
JE SR AN 25 ) M 45 A 1B 77 1 —Taiga. BEALR A P A
By BT 2 F AR AL . BB — BB, AL T KR
SMILES 7 3 5 2% 2] 40 5 18 5 1 15 i A0 R0, i 15 45
BAUT] DA b % A 3 o 1 S5 15 58 I BN R AL
1B B B BOK 4 A BN B R A R RIS R,
5 & MDP Ji B AH [\, % SMILES 7 £ & #  “IR
A7, U SMILES 7 £ £ N “Bl A" 2 Joh ok 45 ” FH T4
SR HE BT 254 SIMLES 77/ 8 2
o F, ML N 0. 10, 784155 T BACE #3104
AT 55, Taiga £ GDB13 . Moses Ml ZINC 4 4 F 3%
-1 pIC,, fH I 2R (1) 4.9~5.2 - T+ & 5.6~10.5. 14k,
FE AL AL pIC,, 1) [7] I, Taiga AE W% 4k 3 5 ik 28 A1 AL (1
QED (#ilin 7t ZINC 5 4E b, itk J5 QED 4 0.671) Al
Al B4 (B 7 ZINC B4l 46 b, AR AL IS 7T & B
PE 4008 2.99), X 3 B AR B 73 T AE SR FE H AR S P
[, 2P AR A A B 1 P A7 1 o S A

54 45 1 A O 7 40 LSTM-PG A EL, Taiga 764
FHHE4E FS2Bl T 85.5%~97.2% 15 T4 % ik, B3
5 F 35 3 F I SMILES [ RNN R A 78 38 5k fl %2
FEVE DT T, Taiga A48 B 7 7 R IR 57, i A1k ik 3
T 95.6%~100%, % £ 11k 98.9%~100%. Taiga il
it 45 & Transformer 87 5 5846 % 1 10 H b8 F ALK,
BRI TR T A% G 7 AR AR A 2 T RUE 5 T
Gy F 7 DS, ALY 5 TR T ) T A
2412 ZMASTFER: ETEGEEANSIBOK L
R 25 53 T2 T R AR R B A IR & 1 1 — 2K 24
W, I SRAE I R A Bk B AL, K2R
MaF N TN FAME K1 EDZZ [T, B
A B KR 25 W A5 A e 1 AR R R R A 7 45 O TG TG
I B RPN T AR IX 0] L, Wang ZESHRE T 3
TR NI RN G 5 T IS 1) 2 IR AR R B . 1%
PR SEAL2E ST 78 T AT SR AL A% O A £, DA
A0 PRI ADMET 1 2 22 Jal AL 1) ke 1R % ik 43 1) 45
4y, A8 AR T B I RE K

AR R A% D AE S B AN S5 R R N 4
A1 Actor-Critic (A2C) 51k B 584k 2% 3] A2 BRHE 22 .
R 7 W 2% e R T BLI AN ] 4% B B LT (gated
recurrent unit, GRU) 2Ll . GAT 71 5744 2 DL & JE PR 7%

FE O, DABR IR ] OC RN A B 45 14, T GRU NI 48
AR EU 1] 2 51 A (R (OB G &R, AR 2 4ERFIE . Actor
K] &% 38 3 W Ao 2 A 52 AR A I B B SRS 2 8, ARk
AHESNENEERRER B M EE A
F& ADMET 2340V 5 VF 73 5 26 W 3% M X B2 VP 40 i b 22
140 2 Jily bR BRI 45 A I TR) 22 7R 2 SR SR UK 3
AR, & 75 B AR 7 T 2 F R A S
A Z RIS AFEMT).

AR KR AW (0 A R AR T —Fh A
M5, TR T VT 1 R R HER B, ANk
AT BRI R AL AR R R RN D3 R
BITHFE, I F AW R AR AL T 2 W RE A .

242 ETEERERES FRAAFHEA

2.4.2.1 MoIGAN#EZ: GAN 5 FImmmse
T B pk 2 s A Bk, AR n ) R A A TR o 54
BA € B AR 7+ 2 — Doy B 2% H B A PR
PEIAESS o A& 403, T SMILES ‘77 5 1) A4 il it 774 |
BART LA o -, (H R TE AL B 5T 2 b 25 S5 4 T 2B g
) 53 20T 5 T T G R e . A T R AR IX e 1)
i, De Cao P H 1 — Bl ST 23 B 0 B XA i
FE7 4 4 MolGAN. MolGAN 1) 35 % s 4 %ok 71 4E 1%
W 4 55 5 Ak 2 ] R HLE AR AR &, AR T 3T T B
M AR ALAE SR . ATt 3 A R B R O 4
H#% (generator) M\ — /MR8 o A HHORFE R &, AR R —
MNRB T IEL @ %54 (discriminator) 1 57 [X 43
A2 IR 4T B R B S B 4R R 1 4 7 T s ol
SRAT AR AR B D 5 2 RS T S ECHE S0 A AR AL 43
T @ il W 4% (reward network) FH T Pl 4 i 4
RS 2 A PR T (TR I 220055, JFiE it stk % ) B
P PAC AR R, A3 A B B A BRI 5 1 43

MOolGAN ¥ 837 S 7E T B AR T B = a7 4
%, A 0 T4 G 7 A % SMILES 7745 8 (i . 78
QM H# B2 T i (1) S5, MolGAN (13X R J7 7% 78 45
R THMRE . BRI SR, HARK S TH K
PEFZIT 100%. MolGAN [ 2 FEHEEUE N 2.0%~2.3%,
EAE A Z2r Trh, MolGAN H 3 #i b Sl ik 1) 1
94.2%. SEGi%E T SMILES %7 19 4E B B 4 L,
%1 4 CharacterVAE fll GrammarVAE, — # 7 QM9 %
PR B AR ) 4 B4 1R 10.3% F1160.2%, 1%
T MolGAN £ 100% 1) A 21 « % be iy 45 SAE 8,
MOoIlGAN B HE7E B 73 [ Ff AR 51 43 7 74k 2540 2 7
HHARBRHA.

SR, MolGAN A7 /E — 2 M R PR 1% . B8R 2 B
T A RN, (B2 FE % U7 1, A1 - Character-
VAE 1] 67.5% 1 GrammarVAE 1] 9.3%, MolGAN f #%
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Y4 i 52 e, A 15 AR Y28 5y w1 T A2 A IR B2
ity . REBAAEE LR BRI, MolGAN M i 45 &
GAN M RL, 4y EL#EAE B 2% [0 AT B AR 10 1) 73 122
BRI T W (R D TT R, AE AR R RN oy 1T TR
TEEEM.

2422 BEMEREHELE ML : BAR K INIR
W8 Atance SEUHR T — R T B S5 R IR E AR
H Y (deep generative model, DGM) 15 i 4k 2% > 4
STk, BT Ak 1icit. SBA i Ak
> ) HEME AR FE T VEARAL 73 1 B A @ 1, AR A2
VIR AN 2 ELF 52 4 Drd2 (35 1% -

FoARZ O QT s AE T 52 M o B R BE AR SR I (best
agent reminder, BAR) ALl [ 55 4k 2% STAE 42 . Z AL
T AE 0 K R B OR B e 4 B RRAR AT B R A,
BRI T AL Ge s Ak 22 ) IR AE 43 TAE G R 8 ) 8t
SRR T @A MES . BARYLEE T 5] A
VT ZH o R 2 AT BEAR 5 f R BE AR TR AL
H. SIS RR Y], BAR WL AHH T 1% 4 REINVENT
FiERA B EMRE . £ BARILEIZ M4 T (0=0.0),
R S 22 18 B 5 7 R - 1K H BAR L
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B RMEEA. 25T RV, BARBAEF S 74
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2.43.1 DeepFMPO: FEEZR % BHrfiifk  Stahl 251
el T — 4~ (deep fragment-based multiparameter
optimization, DeepFMPO) f] 58 1k, 2% =] 73 T 0 J7 1%,
L 51N Actor-Critic 3846 %7 SJ HESE, FIH Fr BRAR AL
WG IZ L B oy 1 B SR Z Hin e v e et AL .
DeepFMPO 61 37 14 75 T L ARF ) 7 73 s A2 BUSR
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N T BB S 25 AR AL I B, 1% AT BB — 4
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SEVO I P AR T B A R R B A ek A, AR HE %
JE P B bR 0 HME 2R B G LA A 1 B AT VR A A T
AR AR 2 ENAE bR, SEi R,
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B A B, HAR A S G R HoR, B A s
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etk A T R B, (B s 2 Bk . 2%, L
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