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Teaser This paper highlights the progress and challenges in de novo drug design using graph
neural network technology.
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The goal of de novo drug design is to create novel chemical entities with

desired biological activities and pharmacokinetics (PK) properties. Over

recent years, with the development of artificial intelligence (AI)

technologies, data-driven methods have rapidly gained in popularity in

this field. Among them, graph neural networks (GNNs), a type of neural

network directly operating on the graph structure data, have received

extensive attention. In this review, we introduce the applications of GNNs

in de novo drug design from three aspects: molecule scoring, molecule

generation and optimization, and synthesis planning. Furthermore, we

also discuss the current challenges and future directions of GNNs in de novo

drug design.

Introduction
The discovery and development of new drugs is a long, costly, and risky process that now takes

�10–15 years with an average cost of >US$2.5 billion [1]. Within this process, one-third of the

time and money are spent during the early drug discovery stages [2]. Therefore, it is attractive for

the pharmaceutical industry to develop automated and effective techniques to quickly discover

diverse and plausible candidate molecules in vast and discrete chemical spaces. This de novo drug

design method can be generally divided into three tasks: (i) molecule generation; (ii) molecule

scoring; and (iii) molecule optimization [3]. Furthermore, how to synthesize the designed

molecule is also a crucial issue that must be taken into account during de novo drug design.

Therefore, we also incorporate synthesis planning in the workflow of automated de novo drug

design in this review.

Early efforts have been devoted to produce and evaluate new molecules, such as atom-based

elongation [4,5], fragment-based combination [6], and molecular docking [7]. In recent years,

with the accumulation of biomedical data and progress in computing power, AI, an emerging
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computer technology, has developed rapidly in the field of drug

design and shows tremendous potential for practical application

[8,9]. The discovery of promising drug-like compounds using AI

was ranked as one of the top-ten technological breakthroughs of

2020 by MIT Technology Review [10]. AI refers to a computer system

that can learn from experience, adjust to new inputs, and perform

human-like tasks. AI systems powered by machine learning (ML)

can leverage massive amounts of data to uncover new insights and

patterns, without dependency on any theoretical or practical

knowledge discovered by humans [11]. Thus, it is suitable to deal

with problems encountered during drug design, where there is rich

data available but less well-defined rules. In particular, deep learn-

ing, as a branch of ML, shows exceptionally fascinating prospects

in drug design because of its powerful capability to learn compli-

cated relationships between features and outcomes from large-

scale data [12]. Among various deep-learning models, GNNs [13]

have attracted increasing attention from the field of drug mole-

cules design, because the resulting graph is the most intuitive and

concise way to represent molecules [14,15].

Chemical graph theory describes a molecule as an undirected

graph in which nodes and edges correspond to atoms and chemi-

cal bonds, respectively [16]. The neural networks operating on

such molecular graphs can all be regarded as a kind of generalized

GNN. According to different mission objectives, those GNNs for

molecule learning can be further summarized into four categories,

which have different roles in de novo drug design. The first category

aims to predict the labels of the whole graphs, which can be used in

the prediction of various molecular properties. The second cate-

gory aims to predict the labels of nodes or edges, which can be used

in the prediction of reaction and retrosynthesis. The third category
Molecule

Molecular
graph

GNN

Molecule
optimization

Synthesis
planning

Molecule
scoring

Molecule
generation

FIGURE 1

The applications of graph neural networks (GNNs) in all stages of automated de
aims to learning the implicit representation of the graphs, which

can be used in the one-step generation and optimization of

molecules, whereas the fourth category aims to learn the trans-

forming rules of the graph, which can be used in the iterative

generation and optimization of molecules as well as the prediction

of reaction and retrosynthesis. There have been many excellent

reviews on the application of AI technology in drug discovery [17–

19]. Here, we specifically focus on the application of GNNs in de

novo drug design and briefly introduce the recent progress and

outlook of this field (Fig. 1).

Molecule scoring
The scoring of a molecule is mainly based on the prediction of its

drug-likeness and pharmacological activity, two essential ele-

ments of a successful drug. The methods of scoring molecules

have been developed for a long time and have significant roles in

virtual drug screening. However, during de novo drug design, it can

be applied to not only screen some chemical entities with desired

properties, but also restrict generators to sample in a specific region

of chemical space.

Ligand-based scoring
Ligand-based scoring does not need any receptor information. It is

based on the acquaintance of the quantitative relationship be-

tween the molecular structure and molecular properties, and can

be utilized in evaluating both drug-likeness [20] and pharmaco-

logical activity [21].

A pioneering study by Duvenaud et al. introduced GNNs in this

field for the first time [22]. They proposed a graph convolution

model that could directly operate on graphs to encode the mole-
Virtual compound library

Candidate compounds

Hits / leads

Candidate
drug

Drug Discovery Today 

 novo drug design.

www.drugdiscoverytoday.com 1383



REVIEWS Drug Discovery Today �Volume 26, Number 6 � June 2021

(a) (b)

(d) (e)(c)

(f)

Drug Discovery Today 

FIGURE 2

The message-passing process of graph neural networks, where w denotes the attention weight and S denotes the virtual supernode. (a) Models of Duvenaud
et al. and Coley et al.; (b) Weave; (c) enn-s2s; (d) Attention FP; (e) D-MPNN; and (f) MEGNet.
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cules. Consistent with the circular fingerprints, the features of

atoms in this architecture are updated according to their first order

neighbors through the same local filter (Fig. 2a). However, through

summing the representations calculated by all distinct graphs and

replacing the hash function used in traditional circular finger-

prints with a single-layer neural network, this architecture can

generate differentiable fingerprints able to be learned via back-

propagation. It was demonstrated that these neural graph finger-

prints obtained better results than Morgan fingerprints in the task

of predicting solubility.

Kearnes et al. [23] reported another molecular graph convolu-

tion method, which comprises ‘weave modules’, as an extension to

Duvenaud’s method. Except for atoms, the weave module also

introduces updatable hidden states for all edges in the graph.

Moreover, when updating features of an atom, the weave module

combines information from all other atoms and their correspond-

ing pairs rather than only neighbor atoms, which enables it to

transmit information between distant atoms at the expense of

increased computational complexity (Fig. 2b). Although the weave

model does not outperform all fingerprint-based methods, it pre-

sents a practical strategy to add edge information explicitly into

graph convolution neural networks.

Gilmer et al. [24] summarized the commonalities between

several existing neural models for graph-structured data and refor-

mulated them into a general framework called Message Passing
1384 www.drugdiscoverytoday.com
Neural Networks (MPNNs). MPNNs consider graph convolutions

operations as a message-passing process where information of a

node is passed to another, the features of which then will be

updated. The authors also proposed enn-s2s, a novel variation

within this framework (Fig. 2c), which obtained state-of-the-art

results on predicting quantum mechanical properties of molecules

at that time.

In the above three studies, only simple structural attributes are

taken as input featurization, which can be directly obtained from

molecular structural formula, such as atom type, bond type, and

graph distances. Coley et al. [25] introduced an alternative graph

convolution method that preserved spatial and other molecular

information beyond connectivity. A set of molecule-level attri-

butes is first calculated using an atomic contribution method, and

these atom-level contributions and other structural attributes are

together integrated into the initial representation of atoms. These

representations of atoms are updated with the message passed

from their neighboring atoms in the graph convolution layer and

then aggregated into the representation of molecules in the pool-

ing layer (Fig. 2a). The tests on several benchmark tasks, including

aqueous solubility, octanol solubility, and melting point predic-

tion, suggested that model performances were significantly en-

hanced by the addition of molecule-level spatial information.

For learning graph-level representation, a virtual supernode,

sometimes referred to as a global state, can be introduced in the
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molecular graph [26–28]. To take an example of MEGNet [28], the

attributes of a global state connected with all nodes and edges

along with the attributes of atoms and edges together constitute

the representation of the initial graph. Then, the initial graph

representation is updated, in the first two steps, the information

from the global state and the other part is applied to update the

attributes of bonds and atoms. Afterward, global state attributes

are updated according to the information from bonds, atoms, and

previous global state attributes (Fig. 2f). Remarkably, incorporat-

ing state variables, such as temperature, pressure, and entropy, as

global state inputs, Chen et al. developed a combined free energy

model that could predict internal energy of molecules at 100 and

200 K even though these data points were not included in the

training data.

Although numerous deep learning models for predicting mo-

lecular properties have been proposed, and achieved superior

results on many standard data sets, the black-box nature of neural

networks hampered their practical applications, because it is not

easy to judge whether those models have learned the expected

knowledge or hidden variables of training data [29]. Improved

interpretability of the model, to some extent, can solve this knotty

problem. Toward this end, Xiong et al. [30] reported Attentive FP, a

new GNN architecture with a graph attention mechanism. Atten-

tive FP calculates a series of attention weights between the neigh-

bor node pairs to represent the degree of interaction between them

according to their features. For a certain atom, the messages passed

from its neighbor atoms have to be multiplied by such attention

weights between them, and then can be used to update its repre-

sentation (Fig. 2d). Furthermore, the attention mechanisms at

molecule levels are also implemented by introducing a super

virtual node that connects all the atoms of the molecule. Through

these designs, Attentive FP can not only achieve state-of-the-art

predictive performances on a variety of data sets, but, more

significantly, also interpret what it learns from those data sets.

For example, when predicting the number of aromatic atoms in a

molecule, Attention FP can accurately mark the position of aro-

matic atoms according to the weights of attention. Beyond that,

Tang et al. [31] introduced a self-attention mechanism into their

GNN, where the attention weight of an atom is calculated accord-

ing to its hidden state. It can be used to visualize the relationship

between the substructure contributions to the target property of a

molecule.

The message passing between nodes through the undirected

edge allows tottering walks, which are likely to introduce noise

into the graph representation. To overcome this problem, Yang

et al. [32] introduced a graph convolutional called D-MPNN,

which can be viewed as a variant of the generic MPNN architec-

ture. The most significant difference between them is the nature of

the messages sent during the message-passing phase. D-MPNN

uses messages associated with directed bonds rather than with

atoms (Fig. 2e). At the end of the message-passing phase, the

incoming bond features are summed and taken as the representa-

tion of corresponding atoms that will be further summed and

taken as the representation of the entire molecule in the readout

phase. Also, fixed molecular descriptors are combined into the

representation of the molecule. An interesting case of D-MPNN in

the molecular property prediction was the discovery of new anti-

biotics, as represented by halicin [33].
Although antibiotic resistance is a growing threat to public

health, the discovery of new antibiotics is becoming increasingly

difficult because of the many limitations of the traditional antibi-

otic discovery method [34]. Trained on a collection of 2335

molecules, D-MPNN was applied to identify potential lead com-

pounds with activity against Escherichia coli in several discrete

chemical libraries, comprising >107 molecules. Through this ap-

proach, halicin, a potent broad-spectrum antibiotic structurally

divergent from conventional antibiotics, was discovered. More-

over, eight additional antibacterial compounds were also discov-

ered from another large compound library comprising >100

million molecules. The in silico screen of the 100 million molecules

was completed within 4 days, which highlighted the high reason-

ing speed of deep learning models and possibilities for its further

application for screening a larger scale virtual compound library.

The excellent performance of GNNs in predicting the properties

of small molecules has attracted the attention of pharmaceutical

companies. Recently, Merck and Stanford jointly conducted a

study where they trained ML models on 31 chemical data sets

from Merck describing results of various absorption, distribution,

metabolism, excretion, and toxicity (ADMET) assays and com-

pared results of random forests with those of their GNN model

[35]. Their study showed the performance of their GNN model on

those data sets was significantly better than a random forest model

based on the atom pair molecular fingerprint. Moreover, they

tested their models on external data collected from the literature

and subsequent data generated after model training. The results

showed that their GNN model had better generalization abilities

than the random forest model. They also found that multitask

style training could further boost the performance of their GNN

model.

Receptor-based scoring
Receptor-based scoring is designed to predict the drug–target

interactions (DTIs) based on information about the receptor pro-

tein. At present, there are three main forms of receptor protein

input information in a deep neural network (DNN): (i) the protein

sequence (Fig. 3a); (ii) the structures of the protein pocket (Fig. 3b);

and (iii) the structures of protein–ligand complexes (Fig. 3c).

Gao et al. [36] used amino acid sequences and gene ontology

annotations as receptor protein input information and entered

them into two different Long Short-Term Memory networks. The

outputs of the two networks were summed and regarded as protein

representations. The molecular graph was projected to a dense

vector with GNN that had the same length as the protein repre-

sentation vector. The representations of the protein and molecule

were fed separately into two three-layer fully connected network

networks. Then, the inner product of the outputs activated with a

sigmoid function was taken as the probability that an interaction

existed between the input protein and drug. Remarkably, the

attention mechanism was incorporated in the integration of the

representations of proteins and ligands, and the model displayed

how it learned the DTIs. This is the first end-to-end deep learning

work that performs interpretable predictions of DTIs directly from

low-level representations. Another similar model was proposed by

Tsubaki et al. [37], which also represents protein sequences and

molecular graphs of ligands with independent vectors and inte-

grates them within a DNN to predict their interactions. The
www.drugdiscoverytoday.com 1385
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FIGURE 3

The three forms of protein information input in deep neural networks. (a) The protein sequence; (b) structures of the protein pocket; and (c) the structures of
protein–ligand complex. Abbreviations: CNN, convolutional neural network; GNN, graph neural network; RNN, recurrent neural network.
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difference is that Tsubaki et al. applied a convolutional neural

network (CNN) to learn the representations of protein sequences

rather than a recurrent neural network (RNN).

The models of Gao et al. and Tsubaki et al. demonstrated the

ability of neural attention mechanisms to capture noncovalent

interactions between compounds and proteins in a few examples.

However, systemic and comprehensive assessments of this learn-

ing capacity have been lacking. Recently, Li et al. [27] compiled a

benchmark data set containing labels of noncovalent interactions

for >10 000 compound–protein complexes and conducted a sys-

tematic analysis based on this benchmark data set to assess the

interpretability of neural attention mechanisms in existing mod-

els. The results showed that current attention-based models

trained only using binding affinity labels had difficulty in

accurately capturing the noncovalent interactions between com-

pounds and proteins. The authors then developed a multiobjective

neural network, called MONN, to simultaneously learn both pair-

wise noncovalent interactions and binding affinities between

proteins and compounds. Comparison tests showed that MONN

could achieve accurate prediction in both tasks, and its perfor-

mance was better than other state-of-the-art ML methods.

Given that only a part of the protein structure, usually referred

to as the ligand-binding pocket, interacts directly with ligand

molecules, the methods focusing on intermolecular interactions

between ligand molecules and receptor pockets might show higher

generalization ability than those that try to extract certain patterns

present in molecules or sequences. Feinberg et al. [38] proposed a

staged gated GNN including both intramolecular and intermolec-

ular interactions. The workflow of this model has three steps:

(i) Intramolecular information propagation only based on cova-

lent bonds; (ii) intramolecular and intermolecular information

propagation based on both covalent bonds and spatial distance;

and (iii) node aggregation for graph embedding. This was the first

graph-based deep learning model specifically designed for the

presentation of protein–ligand complexes and achieved state-of-

the-art performance for protein–ligand binding affinity. Lim et al.

[39] proposed an alternative approach to predict DTIs according to

protein–ligand binding poses. There are two different message-

passing processes in their model: (i) information propagation

between atoms within ligand based on their covalent bonds;
1386 www.drugdiscoverytoday.com
and (ii) information propagation between ligand atoms and

receptor atoms based on their spatial distance. These two

message-passing processes are carried out simultaneously, and

the subtraction between their output is further used to update

the features of atoms on the graph. Apart from DTI prediction, the

model was also applied for binding pose prediction. It improved

the area under the receiver operating characteristic curve and area

under the precision-recall curve by �0.11 and 0.26 compared with

the results of docking.

The approaches based on protein–ligand binding poses require

protein–ligand complexes as input. Therefore, for those without

experimental complex structure information, the accuracy of

these models is also dependent on the accuracy of methods for

establishing protein structure and deriving putative ligand-

binding poses. To overcome those problems, Torng et al. [40]

proposed a graph-convolutional neural network taking the struc-

ture of protein pockets and ligands as input for DTI prediction.

First, each receptor pocket is represented as a graph where func-

tional atoms of the corresponding residue that are within 6 Å of

the bound ligand are regarded as nodes, and any pair of nodes

within 7 Å of each other is connected with an edge. The initial

representation of each residue is generated with the FEATURE

program [41]. Then, a graph autoencoder is trained to learn

general protein pocket features on a set of 965 representative

protein pockets. A ligand Graph-CNN and a pocket Graph-CNN

initialized with learned weights from the graph autoencoder are

used to extract features from the ligand graphs and pocket graphs

in parallel. Finally, the features of the pocket and molecular are

concatenated to generate a joint target–ligand feature that is then

fed to a fully connected layer to predict the interactions between

pockets and ligands. The model of Torng et al. achieved better or

comparable performance compared with 3DCNN ligand-scoring,

AutoDock Vina, RF-Score, and NNScore on common virtual

screening benchmark data sets.

GNN can automatically learn the representations of molecules

to predict their various properties. However, the learned represen-

tations are still based on the input chemical structure. Hence,

problems in previous quantitative structure–activity relationship

research, such as the prediction of nonadditive effects and

activity cliffs, might still be challenging for those GNN models.
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In addition, as a data-driven approach, another obstacle to achiev-

ing its full potential is the lack of high-quality training data sets. In

2017, Wu et al. [42] introduced MoleculeNet, a large-scale bench-

mark for molecular ML. To this day, the 17 public data sets used in

their work have always been the widely used benchmark data sets

for molecular ML. However, many of them are in fact too small for

deep learning models, especially those data sets for physical–

chemical properties. The smallest data set for physical chemistry

properties, the FreeSolv data set, contains only 643 molecules,

whereas the biggest, the Lipophilicity data set, contains just 4200

molecules. Besides, the biases in data sets are also a problem that

needs to be addressed. Some widely used data sets for DTI predic-

tion, including DUD-E, MUV, and PDBbind, were found to have

serious chemical bias [43,44]. Given these biases, AI-based models

for DTIs prediction do not in fact need to learn the protein–ligand

interaction information from protein–ligand complexes and can

achieve similar performance even trained on data sets containing

only ligand or protein structures [45,46]. Thus, there is an

urgent need to design sufficiently large and unbiased data sets

to train and evaluate AI-based molecular-scoring models. Large
(a)

(b)

(c)
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Reagent selection

FIGURE 4

Schematic diagram of three approaches for generating molecular graphs. (a) No
Abbreviations: GAN, generative adversarial network; VAE, variational autoencode
pharmaceutical companies often accumulate huge amounts of

data, especially negative data that are difficult to obtain from

the literature but are indispensable for ML models. Hence, increas-

ing cooperation between AI researchers and pharmaceutical

companies would be beneficial. However, in most cases, pharma-

ceutical companies are reluctant to share data directly with other

researchers for confidentiality reasons. Federated learning could be

a solution in such cases [47].

Molecule generation and optimization
The generation and optimization of molecules is at the heart of

automated de novo drug design. The approaches to generative

modeling are usually divided into two categories: nonautoregres-

sive manners (Fig. 4a) and autoregressive manners (Fig. 4b). Non-

autoregressive generative models build a graph by generating its

edge-feature matrix and node-feature matrix simultaneously.

The nonautoregressive generative models include variational

autoencoders (VAE) [15,48], generative adversarial networks

(GANs) [49,50], and reversible flow models [51]. Autoregressive

generative models build a graph by iteratively refining its
Valid

Invalid

Reaction prediction
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intermediate structure. A typical representative of the autoregres-

sive generation model is RNN [52]. These different types of gener-

ative architecture can also be used in combination, such as

autoregressive VAE [14,53,54] and autoregressive flow models

[55]. Besides, as a special kind of graph structure data, the mole-

cules can also be generated by virtual chemical reactions [56]

(Fig. 4c). Currently, the performance of the deep generative model

is often evaluated with the following metrics: (i) validity, the

percentage of generated graphs corresponding to valid molecules;

(ii) novelty, the percentage of generated valid molecules not

present in the training set; and (iii) uniqueness, the percentage

of unique valid molecules out of all generated molecules. Over the

past few years, numerous graph-based molecular generative mod-

els have been reported. Here, we introduce several representative

works from each class of model.

VAE-based generative models
GraphVAE [48], reported by Simonovsky et al., is a variational

autoencoder for generating the entire molecule simultaneously. A

molecular graph is characterized by its adjacency matrix, edge

attribute tensor, and node attribute matrix. An edge-conditioned

graphconvolutionnetwork is used as an encoder toembed the graph

into continuous representations. The decoder is used to output a

probabilistic fully connected graph with the predefined number of

nodes. Through this design, the model can sidestep the nondiffer-

entiable problems occurring in the iterative construction of discrete

structures. The reconstruction loss of molecular graphs is calculated

by approximate graph matching for aligning generated graphs and

ground truth. The model was trained by minimizing the loss of

reconstruction as well as the Kullback–Leibler divergence [57] be-

tween latent space distribution and standard normal distribution.

This model generates target molecular graphs from the set of all

graphs with the predefined number of nodes. Given that the number

of all possible graphs will increase exponentially with the linearly

increases in the predefined number of nodes, the model is not

effective at generating graphs of large molecules. This model

achieved a 55.7% validity ratio in the QM9 data set containing

molecules no more than nine heavy atoms in size, but only achieved

a validity score of 13.5% for the ZINC data set, containing about

�250 000 drug-like organic molecules of up to 38 heavy atoms.

Kwon et al. [15] extended and improved the nonautoregressive

graph VAE to generate molecular graphs. Apart from approximate

graph matching, they also trained the VAE by incorporating two

additional learning objectives: reinforcement learning for the valid-

ity of molecules, and an auxiliary task for property prediction. The

reward network for reinforcement learning takes a probabilistic

graph as input and reports a reward value according to the chemical

validity of the input probabilistic graph. VAE is trained to generate a

probabilistic graph toward maximizing the output of the reward

network. With such a reinforcement learning scheme, the proposed

modelexhibiteda validity scoreof>90%for both theQM9and ZINC

data sets. Moreover, by incorporating auxiliary property prediction

into the VAE learning, the model is able to generate probabilistic

graphs that correspond to desired properties.

GAN-based generative models
The first generative adversarial network for molecular graph

generation was MolGAN [50], which comprises three main
1388 www.drugdiscoverytoday.com
components: (i) a generator; (ii) a discriminator; and (iii) and a

reward network. The generator is a simple multilayer perceptron

that creates the node feature matrixes and adjacency tensors of

new molecular graphs using the input vector sampled from a

standard normal distribution. It learns to generate molecules

resembling the true molecular graphs in the training data set.

The discriminator is a graph convolutional neural network that

learns to distinguish molecular graphs produced by the generator.

The generator and discriminator are trained iteratively to compete

with, and improve, each other until the models reach a balance

(the so-called ‘Nash equilibrium’). The reward network is another

graph convolutional neural network utilized to encourage the

generation of molecules with particular properties. MolGAN can

generate fixed-size molecular graphs simultaneously with both

higher validity and novelty than previous VAE-based graph gen-

erative models, while not requiring a permutation-dependent

likelihood function obtained from the time-consuming graph-

matching process. A central limitation of MolGAN is that it

sufferers considerably from the ‘mode collapse’ issue (i.e., when

the generator finds some especially plausible outputs, it can only

produce those outputs and miss other modes in training data,

which leads to insufficient diversity of generated samples). Mol-

GAN only showed a 10.4% uniqueness ratio on the QM9 data sets.

Invertible flow-based generative models
GraphNVP [51], introduced by Madhawa et al., is the first invert-

ible normalizing flow-based molecular graph generation model.

This model was constructed by a sequence of invertible transfor-

mations and aims to learn the distribution of vector representa-

tions of actual molecular graphs. The training criterion of this

model is simply the negative log-likelihood over the training data

set. The generation of a molecular graph is decomposed into two

steps: generation of (i) an adjacency tensor and (ii) node attributes.

Given the invertibility of this model, molecular graph generation

can be facilely implemented by inversely executing the computa-

tional process of the training phase. Most surprisingly, this model

generates molecular graphs with an almost 100% uniqueness ratio

and 100% reconstruction accuracy. What is more, the learned

latent space of this model displays excellent smoothness, which is

crucial for decorating molecules, creating a more desirable novel

molecule with slight modification by perturbing the latent repre-

sentation of the original molecular graph. However, as a one-shot

generative model, the molecules generated by GraphNVP also

suffer from a low validity ratio (42.6% on the ZINC data set).

Autoregressive generative models
Instead of generating the whole molecular graph in one step,

autoregression-based methods dynamically generate the nodes

and edges based on existing subgraph structures. Taking MolMP

designed by Li et al. as an example [58], this model formulates

graph generation as a Markov decision process. A molecular graph

is built by iteratively modifying its intermediate structure by three

graph transitions: (i) append, adding a new atom to an intermedi-

ate graph and connecting it to an existing atom with a new bond;

(ii) connect, connecting an existing atom to the new atom with

typed bonds; and (iii) terminate, ending the generation process.

The probability of sampling each transition is parametrized with

the GNN. Another autoregression-based generative model, named
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MolRNN, was also proposed by Li et al. This model adds a single-

molecule level recurrent unit to MolMP, so that the model samples

of each graph transition depend on not only the current state of

the graph, but also the previous states. Experiments show that the

molecule-level recurrent unit in MolRNN provides significant

improvements to the model performance. These models have been

effectively applied to solve several drug design problems, includ-

ing the generation of compounds containing a given scaffold,

compounds with specific drug-likeness and synthetic accessibility

requirements, as well as dual inhibitors against JNK3 and GSK-3b.

Autoregressive flow-based generative models
Shi et al. [55] introduced GraphAF, a flow-based autoregressive

model for graph generation. They defined the adding order of

nodes and edges of a molecule in training data according to the

breadth-first search order. Then, the whole generative process of

the molecular graph was decomposed into multiple independent

one-step graph transformation processes able to be trained in

parallel. In the generation phase, GraphAF creates a molecule

through an iterative sampling process, which allows leveraging

chemical domain knowledge for valency checking. GraphAF was

able to achieve a validity rate as high as 68% on the ZINC data set

even without chemical knowledge rules, and a 100% validity ratio

with chemical rules.

Autoregressive VAE-based generative models
Jin et al. [14] made valuable contributions to the development of

VAE-based generative models, proposing a junction tree variation-

al autoencoder (JT-VAE) for molecular graph generation. Deviat-

ing from previous studies that created molecules atom by atom,

their approach exploits subgraph components as building blocks

of molecules so as not to generate chemically invalid intermediar-

ies. The whole molecular graph is first decomposed into a cycle-

free junction tree, where each node in the tree represents a

substructure in the molecule. The original molecular graph is

encoded into its latent embeddings by a standard graph mes-

sage-passing network, whereas its associated junction tree is

encoded via its latent embeddings with two-phase messages pass-

ing. In the first bottom-up phase, messages are initiated from the

leaf nodes and propagated iteratively toward the root. In the

second top-down phase, messages are propagated from the root

to all the leaf nodes. Those messages are updated through a gated

recurrent unit. The latent representations are then decoded back

into a molecular graph in two stages. First, the tree decoder

constructs the entire tree in a top-down fashion by generating

one node at a time. Then, the junction tree is converted into a valid

molecule by sampling subgraphs one by one following the order in

which the tree itself was decoded. Compared with nonautoregres-

sive graph VAE, JT-VAE shows superior performance in the validity

of generated molecules, achieving a 100% validity ratio with the

ZINC data set.

To further improve the capability of their model in molecular

optimization, Jin et al. [53] proposed another variational junction

tree encoder-decoder similar to JT-VAE and combined it with

adversarial training. This model was trained on a data set of paired

molecules to learn a multimodal mapping between one molecular

graph and another with better properties. It showed a significant

performance boost compared with JT-VAE on multiple molecular
optimization tasks, including drug likeness, activity against dopa-

mine receptors, and penalized LogP.

Fu et al. [54] proposed a new strategy for molecular optimization

called Copy & Refine. They argued that growing the new molecular

structure by iteratively predicting the best substructure to add was

often inaccurate because of the large set of available substructures,

especially for adding rare substructures. Moreover, given that the

substructures picked to build a refined molecule usually exist in

the input molecule, at each generating step, their model first

considers whether to copy a substructure from the input molecule

(Copy) or sample a novel substructure from the entire space of

substructures (Refine). With such a mechanism, Copy & Refine can

significantly outperform several recent molecule optimization

baselines in various measures, especially in terms of modifying

rare substructures.

Virtual reaction-based generative models
Although there has been a flood of new deep learning methods

developed for molecule generation and optimization, there are

very few molecules produced by those models to be synthesized

and used for further research. It appears ironic that the number of

generative models is more than the number of molecules created

by them in the real world. The most important reason for is that

most generative models ignore the synthesizability of molecules

[59]. With the aim of producing molecules with higher synthesiz-

ability, Bradshaw et al. [56] proposed a generative model mimick-

ing the real-world process of designing new molecules. Their

model first generates a bag of initial reactants and then uses a

reaction predictor model to transform this bag of molecules into a

product molecule. They chose Molecular Transformer developed

by Schwaller et al. as a reaction predictor model and designed a

VAE, named MOLECULE CHEF, to produce the reactant bag. In the

encoder, the reactant molecules are embedded into a continuous

space using Gated Graph Neural Networks. The molecule embed-

dings in the multiset are summed to form one order-invariant

embedding for the whole multiset. The encoder is an RNN that

samples input from the latent space and output multiset of reac-

tants in sequence. To better mimic the process of selecting reactant

molecules from an easily obtainable set, the output of the decoder

is restricted to pick the molecules from a fixed set of reactant

molecules. Thus, their generative model generates not only mole-

cules, but also corresponding synthesis routes using available

reactants simultaneously.

Shoichet et al. [60] conducted a study where 170 virtual million

molecules generated from 70 000 building blocks were docked

against AmpC b-lactamase and the D4 dopamine receptor. The

results showed hit rates against AmpC b-lactamase and D4 dopa-

mine receptor of 11% and 24%, respectively, which was higher

than with traditional virtual screening. Their study demonstrated

the advantages of using ultralarge libraries to discover desirable hit

compounds, leading to the opinion that ‘Bigger is better in virtual

drug screens’ [61]. Thus, producing a massive number of molecules

by deep generating models has important practical meaning for

the virtual screening of drugs. At present, the methods to generate

novel molecules conforming to chemical rules are already rela-

tively mature. Many generative models are able to achieve almost

100% validity and novelty ratios against the ZINC data set. How-

ever, for de novo drug design, it is not enough to only design
www.drugdiscoverytoday.com 1389
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molecules that are unique and do not violate the rules of valence.

The generated molecules should have suitable properties, which

need to be proved by experiments. The results of experiments can

also be fed back to the generative model and eventually form a

vicious circle. However, the difficulties in molecular synthesis

limit the implementation of this process. At present, screening

the compounds in stock with virtual screening or high-throughput

screening is still the mainstream approach in drug discovery.

Improving the synthesizability of generative molecules should

be one of the most important goals in the next phase of research

on generative models. We consider that the combination of gen-

erative models and synthesis planning models will be a valuable

study direction. In addition, the new evaluation metrics of gener-

ative models are also worth exploring. Currently, the commonly

used metrics to evaluate deep generation models are only validity,

novelty, and uniqueness. Admittedly, those three metrics can

intuitively reflect the efficiency of models in exploring chemical

space and some potential problems of models such as ‘mode

collapse’. However, they cannot reflect the quality of the mole-

cules generated by the model. Recently, Bush et al. proposed a

‘Turing test’, where algorithmically generated molecules were

compared with those generated by medicinal chemists [62], which

was a positive attempt to evaluate the molecules created by

generative models.

Synthesis planning
The goal of computer-aided synthesis planning is to help chemists

decide how to synthesize small-molecule compounds. Two crucial

issues in this field are the prediction of chemical reaction out-

comes and the planning of retrosynthesis routes [63]. Early work is

mainly based on reaction rules [64,65] or quantum chemical

calculations [66]. The reaction rules are manually encoded by

human experts or automatically generated from reaction data-

bases. The principal limitation of such rule-based methods is that

they are unable to predict novel chemistry reactions with no

available templates. As for the methods based on quantum chemi-

cal calculation, the enormous expenditure of time and money

hinder it from large-scale use. Hence, data-driven approaches have

attracted increasing research interest in recent years [67,68].

Prediction of general chemical reactions
The pioneering work of Jin et al. and Coley et al. [69] applied GNNs

to the prediction of chemical reaction products. The workflow can

be divided into three steps. First, a Weisfeiler–Lehman Network is

trained to predict the probability of each edge change in a molec-

ular graph during a chemical reaction. The top K atom pairs with

the highest predicted possibility of edge change are selected as the

reaction centers. Then, valid candidate product molecules are

generated by enumerating the possible bond changes in reaction

centers subject to several constraints, such as the maximum num-

ber of neighbors of an atom. Finally, a Weisfeiler–Lehman Differ-

ence Network is trained to rank candidate products. Their model

achieved the top accuracy of 79.6% in the USPTO data set, 10%

higher than that of the top-performing template-based approach,

while operating orders of magnitude faster. In this model, the

process of ranking candidate products is treated as an completely

isolated task depending only on the structure of candidate

molecules. Thus, it neglects the fact that outcomes generated by
1390 www.drugdiscoverytoday.com
combinations of those more probable bond changes are more

likely to be the real outcome. In another improved version [70],

the authors calculated the initial ranking of candidate reaction

outcomes based on the predicted probability of bond change and

trained a Weisfeiler–Lehman Difference Network to refine these

preliminary rankings. The reagents were excluded from the pre-

diction of reactivity centers. With such improvements, the accu-

racy of this model was 5.3% higher than that of the previous

version.

Qian et al. [71] reported a graph-based method for predicting

chemical reaction products that achieved an accuracy of >90%

against the USPTO data set. Consistent with the approach of Jin

et al. and Coley et al., the model of Qian et al. also starts from

estimation of reaction centers utilizing a GNN. The main differ-

ence is that their model estimates the likelihood of changes in not

only covalent bonds, but also in hydrogen counts and formal

charges. Then, the most probable product is inferred from such

predicted probability via Integer Linear Programming (ILP) rather

than from an additional ranking network, which shows that a

ranking network might not be necessary for determining the

candidate products. Some chemistry constraints, such as the octet

rule, can be translated into the restraint conditions of ILP, which

allows the chemists to interact with the model by setting con-

straints according to their chemistry insights.

In addition to the aforementioned supervised learning method,

reinforcement-learning algorithms have also achieved great per-

formance in this field. A Graph Transformation Policy Network

[72], introduced by Do et al., is a model that combines GNNs and

reinforcement learning, achieving an accuracy of 83.20% against

the USPTO data set. It treats the molecular graph transformation

from reactants to products as an iterative process, where a new

molecule is generated by changing one bond in the input molecule

and the new molecule is then taken as the input for the next

iteration. This iterative process runs until the generated molecule

reaches the termination criterion. This model has three main

components: a GNN, a node pair prediction network, and a policy

network. The GNN is responsible for calculating the atom repre-

sentation, the node pair prediction network is responsible for

computing the most possible reaction atom pairs, and the policy

network is responsible for finding the optimal sequence of bond

changes that transforms the reactants into products. Combined

with the prediction of the reaction center and inference of product

into a unified neural network, this model can be trained in an end-

to-end manner. In addition, the stepwise generation of product

molecules enables the model to display intermediate molecules,

which dramatically increases its interpretability.

Prediction of specific types of chemical reaction
For organic reactions involving proton abstraction and formation

of carbanion intermediates, such as alkylations, Michael addi-

tions, or aldol condensations, the acidity of C-H groups within

organic molecules is a crucial factor deciding the reaction site.

Given that GNN had been implemented effectively to predict all

types of molecule-wide properties, Roszak et al. attempted to use it

to predict the acidity of C-H groups, a type of atomic property [73].

Equipped with four graph convolutional layers, their model can

perform accurate pKa prediction with a mean absolute error (MAE)

of 2.2 pKa units, significantly lower than the state-of-the-art
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commercial solutions, Schrödinger’s commercial Epik package,

the MAE of which is 3.3 pKa units. On the issue of reaction

prediction, their model can correctly identify the reaction site

of C�H acid with 90.5% accuracy on a data set containing 12 873

pKa-controlled reactions collected from the ‘high-impact chemical

journals’, whereas the WLDN5 reported by Coley et al. achieved an

accuracy of only �50% against the same data set.

Prediction of retrosynthesis
Retrosynthesis prediction can be regarded as an inverse process of

reaction prediction. However, it is more challenging because a

molecule can have many synthetic routes, whereas there is only

one specific result for a chemical reaction under a given reaction

condition. Retrosynthesis prediction is also valuable because retro-

synthetic analysis is the most common strategy for chemists to

solve organic synthesis problems.

Dai et al. [74] proposed a template-based method for retro-

synthesis prediction. They embedded reactants, products, and

templates within a GNN and described the reasoning process of

retrosynthesis prediction with a two-step probabilistic graphical

model. The Conditional Graph Logic Network (GLN) is responsible

for determining which chemical reaction templates to apply in

retrosynthesis prediction according to the joint probability that

the subgraph pattern from the reaction template is matched

against the product and the set of reactants. The parameters of

GLN are estimated by the maximum likelihood method. GLN

shares the interpretability of template-based methods while taking

advantage of the scalability and expressiveness of neural networks

to learn when such rules apply. GLN achieved 63.2% accuracy

against the standard USPTO-50K data set, improving the previous-

ly reported best performance of 55.3% [75] by a large margin.

Combining GNN and Transformer [76], Yan et al. proposed a

retrosynthesis prediction model named RetroXpert [77]. In this

model, the retrosynthesis prediction is decomposed into two

subtasks: (i) bond disconnection prediction; and (ii) reactant

prediction. In the first step, a GNN taking the molecule graph
TABLE 1

Summary of models for reaction and retrosynthesis prediction that h
data sets

Class Model name Sequence based Grap

Reaction prediction WLDN
p

S2S
p

GTPN
p

WLDN5
p

Schwaller et al
p

Qian et al.
p

Retrosynthesis prediction Seq2Seq
p

Retrosim
Karpov et al.

p
Lee et al.

p
SCROP

p
GLN

p 

RetroXpert
p p

Lin et al.
p

GET-LT1
p p

G2Gs
p

GRAPHRETRO
p

as the input is trained to predict the bond disconnection within

the graph, which is similar to the previous method in forward

synthesis prediction. In the second step, the split synthon graphs

are generated according to the disconnection prediction results,

converted to canonical SMILES, and concatenated with the canon-

ical SMILES of product. Then such sequence data are taken as the

input of the Transformer to predict the SMILES of reagents. Retro-

Xpert reached 70.4% accuracy against the USPTO-50K data set,

achieving a significant improvement of 7.1% over the GLN of Dai

et al. Shi et al. [78] and Somnath et al. [79] proposed two other

template-free models that also divided retrosynthesis prediction

into two subtasks, bond disconnection prediction and reactant

prediction. The main difference between their models and the

RetroXpert lies in the process of transforming the synthons to

reactants. Shi et al. transformed the synthons to reactants through

an autoregressive graph generative model, whereas Somnath et al.

completed synthons into valid reactants by adding specific leaving

groups. Those added leaving groups were selected from a vocabu-

lary containing 170 leaving groups by a classification model.

In just the past 3 years, the accuracy of reverse reaction predic-

tion on the standard USPTO-50K data set has dramatically in-

creased from 37.3% to 70.4%, benefiting from the application of

GNNs (Table 1). Despite such rapid progress, there is still a long

way to go for the study on retrosynthesis prediction. Unlike the

field of chemical reaction product prediction, where some existing

deep learning models are powerful enough to match human

experts, the current state-of-the-art prediction models of retro-

synthesis are still some way from solving practical problems inde-

pendently. These deep learning models are mainly developed for

single-step retrosynthesis prediction, which is much simpler than

planning a complete synthesis route. Several strategies, such as

Monte Carlo tree search [67], depth-first proof-number search [80],

reinforcement learning [81], hypergraph exploration [82], and

multiple beam-like searches [83], have been used to extend sin-

gle-step retrosynthetic models to full route planning. However,

the possible synthetic routes of a compound are numerous and it is
ave been tested correspondingly on the USPTO and USPTO-50K

h based Template based Top accuracy (%) Year Refs

79.6 2017 [69]
80.3 2018 [87]
82.4 2019 [72]
85.6 2019 [70]
90.4 2019 [88]
>90 2020 [71]

37.4 2017 [89]p
52.9 2017 [90]
42.7 2019 [91]
43.8 2019 [92]
59.0 2019 [93]p
64.2 2019 [74]
70.4 2020 [77]
54.6 2020 [94]
57.4 2020 [95]
61.0 2020 [78]
67.8 2020 [79]
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difficult to judge whether a certain inverse synthetic route is

reasonable. Hence, we are lacking reliable standards to evaluate

and compare the effectiveness of those strategies. In the future,

effort should be made to push the research of retrosynthesis

prediction from a single-step reaction to planning the entire

synthesis route.

Concluding remarks and prospects
To design new drugs from scratch automatically is the dream of all

drug researchers. In recent years, with the assistance of deep

learning technologies represented by GNNs, remarkable progress

has been made in many aspects related to this target. However,

there are also some obvious problems that need to be addressed.

For example, there are serious biases in some benchmark data sets,

which may cause the performances of deep learning models on

corresponding tasks to be grossly overestimated; the molecules

produced by the generative model are difficult to synthesize and,

thus, their properties lack experimental verification; and studies

on retrosynthesis prediction remain mainly confined to single-

step retrosynthesis prediction. Furthermore, as the most popular

deep learning models for dealing with chemical molecule data,

GNNs also have distinct problems such as ‘oversmoothing’. When

stacking too many multiple layers, the features of different nodes

in a graph become indistinguishable, which seriously damages the

performance of models. Given this limitation, most current GNNs
1392 www.drugdiscoverytoday.com
are no deeper than four layers. However, with the increase in

model depth, the representation ability of the model will also

increase. The effectiveness of ultradeep neural networks has been

proved in the field of computer vision. The current state-of the art

CNNs are usually >100 layers [84,85]. Recently, Li et al. [86] built a

56-layer GNN improving the state-of-the-art in the task of point

cloud semantic segmentation by 3.7%. Their work demonstrated

the possibility of stacking GNNs as deep as CNNs and the advan-

tages of ultra-deep GNNs. However, a key strategy they used to

build such a deep GNN was dynamically changing edges in the

graph, which is not suitable for graphs with fixed edges, such as

molecules. Thus, methods to build deeper GNNs for molecule

learning need to be further explored.
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