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Abstract: Designing molecules with specific functions within an immense chemical space is a fundamental challenge in
chemistry and materials science, as traditional methods often lack efficiency and exploratory capacity. The advent of genera-
tive deep learning has introduced automated and intelligent approaches that promise to transform molecular design. In this re-
view, we summarizes the advancements in applying generative deep learning to molecular design. We first compare molecular
representation methods, including SMILES notation, molecular graphs, and three-dimensional structural representations,
highlight their respective advantages and limitations. We then critically evaluate three leading generative models: generative
adversarial network (GAN) , variational autoencoder ( VAE) , and denoising diffusion probabilistic model (DDPM), and
discuss applications of generative models in object-oriented molecular design, with a particular focus on the differences
among various models in terms of molecular generation quality and property optimization. Finally, we propose future re-
search directions for leveraging generative models in molecular design, aiming to inspire further advancements in this rapidly
evolving field.
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Fig. 1

Illustration of molecular representations for N-methylacetamide, including SMILES, molecular graph, and 3D structure; for the

SMILES representation, a SMILES dictionary is constructed based on all unique characters present, with a one-hot encoding matrix

where the SMILES string is set as the horizontal axis and the dictionary as the vertical axis, filling in 1 at matching positions and

0 elsewhere; in the molecular graph representation, only heavy atoms are considered, constructing both a node matrix and an adja-

cency matrix; in the 3D structure representation, spatial information is based on 3D coordinates in a Cartesian coordinate system or

incorporated either as node attributes (internal coordinates)
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Table 1 Commonly used databases for training molecular genera-

tion models
Database ~ Data number Description
CHEMBL.2 M Diverse }.Ji()aclive compounds, especial-
ly drug-like small molecules.
ZINCL®) 750M Commercially available drug-like mole-
cules.
(301 Millions of small molecules with chemi-
PubChem" ™ 111M Lo .
cal and biological annotations.
GDB-17%) 116B Structure-only molecules without experi-
mental data.
QM9[32: 134K Small molecules ( < 9 heavy atoms)

with quantum chemical annotations.
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Fig. 2 Three generative deep learning models: (a) GAN model: it con-

sists of a generator and a discriminator, with the trained generator
used for molecular generation; (b) VAE model; it encodes mole-
cules into a latent space, where molecular generation occurs by
sampling in the latent space, followed by decoding to obtain molec-
ular representations; (c¢) DDPM model: it involves a forward
(curved arrows) and reverse (straight arrows) process, where molec-
ular generation is achieved in the reverse process by gradually remo-

ving noise from standard normal noise x, to construct the molecule
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Table 2 Molecular generation models and the molecular represen-
tations and model architectures employed by each model

Model name Mulecula.r Mudel
representation architecture
MolGAN!#’ Graph GAN
LatentGAN!*] SMILES GAN
MatGAN47] Graph GAN
Mol-CycleGAN (48] Graph GAN
Gene-GAN!*! SMILES GAN
DeeplCLP! 3D Structure VAE
SDVAE!! SMILES VAE
MGCVAE[ Graph VAE
POLYGON!**) SMILES VAE
Drug-CVAE[!™ SMILES VAE
MDM!S! 3D Structure DDPM
EDMI %] 3D Structure DDPM
cepmt” 3D Structure DDPM
HGLDM!** Graph DDPM
GEOLDM ! 3D Structure DDPM
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e, RIRS RS SEH— 8 1 4 FHEBUR AL . 4RI, GAN
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4 Adjacent Matrix A Binarization A Graph|
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[ [ (I:Ha
Generator N N
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Fig. 3 Schematic representation of the training process of a conditional GAN model using molecular graph encoding: in this conditional GAN,

the generator is trained to produce realistic synthetic data, while the discriminator aims to determine whether the given data is real or

synthetic; subsequently, two graph convolutional networks ( GCNs) are trained separately to evaluate the authenticity of the generated

molecules and whether their molecular properties meet the desired criteria; after sufficient training, the generator is capable of produ-

cing highly realistic molecules with properties that align with the target specifications
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Fig. 4 Schematic illustration of a conditional variational autoencoder ( VAE) model: molecules from the training set are mapped into the latent

space by the encoder, with conditional information embedded in both the original data and the latent representation; during the generation

stage, random samples are drawn from the latent space and decoded by the decoder to generate molecules that satisfy specific conditions
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Schematic illustration of conditional DDPM model ; in the forward diffusion process ( curved arrows) , the diffusion model progressively

adds noise to the data until it conforms to an isotropic Gaussian distribution, in the reverse process ( straight arrows) , data samples are

generated by sampling from the noise distribution (a) ; noise prediction network U-Net used in DDPM; U-Net accepts noisy data, time

step encodings, and condition vectors as inputs and outputs the estimated noise, skip connections are employed to link features from the

encoder layers to the corresponding decoder layer (b)
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Fig. 7 Schematic illustrating the MD simulation workflow: the process begins with the creation of an amorphous polymer-salt system, subsequent

steps include system relaxation and equilibration, followed by the production run; ion transport properties are then determined using the clus-
ter Nernst-Einstein method based on data collected during the production phase (a). Distribution of conductivity and transference number
calculated using MD simulations for the top 46 candidates in the generated set (10 samples in total) in comparison to the training data (b).

Box-and-whisker plot showing the conductivity values for each candidate: there are 17 out of 46 candidates showing better conductivity than

the optimal polymer ( conductivity=5. 1x107* S/cm) in the train set (¢
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