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Table 1: Representative list of publications that have proposed methodologies related to molecular generation
Title Methods Authors
Automatic chemical design using a data-driven
continuous representation of molecules

VAE with RNN Encoder and Decoder Gómez-
Bombarelli et al. 1

Junction tree variational autoencoder for molec-
ular graph generation

VAE with Graph Encoder and Decoder Jin et al. 2

GraphVAE: Towards Generation of Small
Graphs Using Variational Autoencoders

VAE with Graph Encoder and Decoder Simonovsky and
Komodakis 3

Constrained graph variational autoencoders for
molecule design

VAE with Gated Graph NN Encoder and De-
coder

Liu et al. 4

Molecular generative model based on conditional
variational autoencoder for de novo molecular
design

VAE with RNN Encoder and Decoder Lim et al. 5

Grammar variational autoencoder VAE with RNN Encoder and Decoder Kusner et al. 6

Learning continuous and data-driven molecular
descriptors by translating equivalent chemical
representations

VAE with RNN/CNN Encoder and RNN De-
coder

Winter et al. 7

Constrained Bayesian optimization for auto-
matic chemical design using variational autoen-
coders

VAE with RNN Encoder and Decoder with
Bayesian Optimization

Griffiths and
Hernández-
Lobato 8

Efficient multi-objective molecular optimization
in a continuous latent space

VAE with RNN Encoder and Decoder with Par-
ticle Swarm Optimization

Winter et al. 9

druGAN: an advanced generative adversarial au-
toencoder model for de novo generation of new
molecules with desired molecular properties in
silico

Autoencoder with adverserial training Kadurin et al. 10

Application of generative autoencoder in de novo
molecular design

Autoencoder with adverserial training followed
by Bayesian Optimization

Blaschke et al. 11

Deep reinforcement learning for de novo drug de-
sign

RNN with Reinforcement Learning Popova et al. 12

MoleGuLAR: Molecule Generation using Rein-
forcement Learning with Alternating Reward

RNN with Reinforcement Learning Goel et al. 13

Objective-reinforced generative adversarial net-
works (ORGAN) for sequence generation models

GAN with Reinforcement Learning Guimaraes
et al. 14

Optimizing distributions over molecular space.
An objective-reinforced generative adversar-
ial network for inverse-design chemistry (OR-
GANIC)

GAN with Reinforcement Learning Sanchez-
Lengeling et al. 15

Reinforced adversarial neural computer for de
novo molecular design

GAN with Reinforcement Learning Putin et al. 16

Adversarial threshold neural computer for
molecular de novo design

GAN with Reinforcement Learning Putin et al. 17

MolGAN: An implicit generative model for small
molecular graphs

WGAN with Reinforcement Learning De Cao and
Kipf 18

Mol-CycleGAN: a generative model for molecu-
lar optimization

GAN with Reinforcement Learning Maziarka et al. 19

A de novo molecular generation method using la-
tent vector based generative adversarial network

Combination of VAE and GAN Prykhodko
et al. 20

Graph convolutional policy network for goal-
directed molecular graph generation

Graph NN with Reinforcement Learning You et al. 21

DeepGraphMolGen, a multi-objective, computa-
tional strategy for generating molecules with de-
sirable properties: a graph convolution and rein-
forcement learning approach

Graph NN with Reinforcement Learning Khemchandani
et al. 22

Optimization of molecules via deep reinforce-
ment learning

Graph NN with Reinforcement Learning Zhou et al. 23
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Table 2: Representative list of publications related to application of modern ML methods for mapping retrosynthesis
pathways

Title Methods Authors
Efficient syntheses of diverse, medicinally rele-
vant targets planned by computer and executed
in the laboratory

Only Reaction Templates Klucznik et al. 24

Prediction and interpretable visualization of ret-
rosynthetic reactions using graph convolutional
networks

GCN with Reaction Templates Ishida et al. 25

Deep retrosynthetic reaction prediction using lo-
cal reactivity and global attention

GLN with Reaction Templates Chen and Jung 26

Planning chemical syntheses with deep neural
networks and symbolic AI

MCTS with Reaction Templates Segler et al. 27

Learning retrosynthetic planning through simu-
lated experience

MCTS with Reaction Templates Schreck et al. 28

AiZynthFinder: a fast, robust and flexible open-
source software for retrosynthetic planning

MCTS with Reaaction Templates Genheden et al. 29

Retro*: Learning Retrosynthetic Planning with
Neural Guided A* Search

Best First Search with Reaction Templates Chen et al. 30

Retrosynthetic reaction prediction using neural
sequence-to-sequence model

Template Free RNN Liu et al. 31

A transformer model for retrosynthesis Template Free Transformer Karpov et al. 32

Predicting retrosynthetic reactions using self-
corrected transformer neural networks

Template Free Transformer Zheng et al. 33

Valid, Plausible, and Diverse Retrosynthesis Us-
ing Tied Two-Way Transformers with Latent
Variables

Template Free Transformer Kim et al. 34

Molecular graph enhanced transformer for ret-
rosynthesis prediction

Template Free GNN and Transformer Mao et al. 35

GTA: Graph Truncated Attention for Retrosyn-
thesis

Template Free GNN with Attention Seo et al. 36

Automatic retrosynthetic route planning using
template-free models

Template Free Transformer with MCTS Lin et al. 37

Predicting retrosynthetic pathways using
transformer-based models and a hyper-graph
exploration strategy

Template Free Transformer with Beam Search Schwaller et al. 38

A graph to graphs framework for retrosynthesis
prediction

Template Free Graph Convolutional Network Shi et al. 39

Learning graph models for template-free ret-
rosynthesis

Template Free Message Passing Network Somnath et al. 40

Retroxpert: Decompose retrosynthesis predic-
tion like a chemist

Semi-Template Based Graph Attention Network Yan et al. 41

Table 3: ML based studies that attempted to decipher spectra to molecule inverse problem
Title Methods Authors
Chiral Molecular Structure Determination for a
Desired Compound Just from Its Molecular For-
mula and Vibrational Optical Activity Spectra

SVM Wang et al. 42

Spectral deep learning for prediction and
prospective validation of functional groups

MLP Fine et al. 43

NMR-TS: de novo molecule identification from
NMR spectra

Tree Search, DFT Calculations Zhang et al. 44

Deep imitation learning for molecular inverse
problems

MLP, GCN Jonas 45

Spectra To Structure : Deep Reinforcement
Learning for Molecular Inverse Problem

MCTS, GCN Sridharan et al. 46
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