. Prog Pharm Sci  Dec. 2023  Vol. 47 No. 12

PROGRESS IN PHARMACEUTICAL SCIENCES

Ay T A~ L
TEFIESFERPRN Bi#E
PR, BT, Bnk, SER, IEA, PRITA S
( FEBGRAFES R , 15 MR 211198 )
[ 2 | TSNS EA T EEEEREEYEE IR RS T ETENRIZ ESSHRATENRERE | RE
EIFAEAY SN B A SSREM. ERNREZIFERERRIES. BiR. &R, WISHIRIRINS® , D FEMRE
HTHNREE. HRHSARET RS FERAREEINATEAD TEMES. SRS T REZIFTAED TEMTIHARHE
BERMET RN D TEMEMELRENEIER, NA. 2P RERAET.,

[ 6429 | ATERE  SRERS 5%t DFER
[ hES %S 1TP39 [ XEFRED 1A

[ L E43S 11001-5094 (2023 ) 12-0950-11

DOI: 10.20053/j.issn1001-5094.2023.12.008

pplication of Deep Learning in Molecule
Generation

CHEN Linjie, ZHOU Ruining, LYU Hao, XU Jiaying, HE Zhengda, CHEN Yadong

( School of Science, China Pharmaceutical University, Nanjing 211198, China )

[Abstract] Drug design in molecular design aims to produce molecules with desirable biological activity and physicochemical properties.

With the rapid development of computer science and high performance computing, the application of deep learning technologies in the field

of drug design is gaining increasing recognition. Generative deep learning models have demonstrated remarkable performance in such fields

as natural language, image, music, and video, providing new ideas for molecule generation. More and more researchers have started to use

deep learning technologies to complete molecule generation tasks. This article summarizes the research progress of deep learning algorithms

in molecule generation, focusing on the principles, applications, molecular representation forms, and technical details of several commonly

used neural network architectures for molecule generation.
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Figure 1 lllustration of molecule generation using recurrent neural networks
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Figure 2 lllustration of molecule generation using autoencoder
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Figure 4 lllustration of molecule generation using generative adversarial networks
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Figure 5 lllustration of molecule generation using Transformer
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Figure 6 lllustration of molecule generation using flow-based models
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Table 1 Tasks for molecular generation based on deep learning

EE RS2 B o il FAE BiEE A RE}E/ EH
Bjerrum E J** RNN SMILES ZINC 2017
Grisoni F*! RNN SMILES CHEMBL 2020

Shi T RNN SMILES ChEMBL 2020
Neil D" RNN SMILES CHEMBL 2018
Goel M RNN SMILES CHEMBL 2021
Olivecrona M ") RNN SMILES CHEMBL 2017
Berenger F ' EET[EES SMILES ChEMBL 2021
Alperstein Z"7 G fith 35 SMILES ZINC 2019
Jin W G EEILE Graph ZINC 2019
Liu Q" H 4t 2% Graph ZINC 2019
Putin E ® GAN SMILES ZINC 2018
Guimaraes G L™ GAN SMILES ZINC 2018
Cao N D GAN Graph QM9 2018
Bagal V¥ Transformer SMILES MOSES 2022
Wang J ) Transformer SMILES MOSES 2021
Zhu W H®" Transformer SMILES QM9 2021
Mitton J©" Transformer Graph QM9 2021
Shi ¢ it Graph ZINC 2020
Luo Y®” it Graph ZINC 2021
Kuznetsov M it Graph MOSES 2021

RNN: Recurrent Neural Networks (fEIF#IZEM44) ; GAN: Generative Adversarial Networks (ZERXTHIMZE) ; SMILES: simplified
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