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Abstract 
Discovering hit molecules with desired biological activity in a directed manner is a promising but profound task in computer-aided 
drug discovery. Inspired by recent generative AI approaches, particularly Diffusion Models (DM), we propose Graph Latent Diffusion 
Model (GLDM)—a latent DM that preserves both the effectiveness of autoencoders of compressing complex chemical data and the 
DM’s capabilities of generating novel molecules. Specifically, we first develop an autoencoder to encode the molecular data into low-
dimensional latent representations and then train the DM on the latent space to generate molecules inducing targeted biological activity 
defined by gene expression profiles. Manipulating DM in the latent space rather than the input space avoids complicated operations to 
map molecule decomposition and reconstruction to diffusion processes, and thus improves training efficiency. Experiments show that 
GLDM not only achieves outstanding performances on molecular generation benchmarks, but also generates samples with optimal 
chemical properties and potentials to induce desired biological activity. 

Keywords: deep generative models; Diffusion Models; drug design; hit molecule discovery. 

INTRODUCTION 
Drug discovery with conventional computer-aided approaches are 
expensive and time-consuming since a large volume of candidate 
molecules need to be screened [1]. In the recent years, numer-
ous deep learning-based de novo drug design approaches have 
emerged to tackle this challenge by searching for the candidate 
molecule with optimal properties in a directed manner [2, 3]. 
However, most of them focused only on chemically valid gener-
ation and optimization towards desired chemical properties, and 
omitted to take any biological insights into accounts [4, 5]. In 
this work, we study how to guide drug generation with desired 
biological activities defined by gene expression profiles. 

Drug generation with desired biological activities 
Initially, approaches targeted at designing drugs focused towards 
only a single target [6–8]. Then recent research have emerged to 
generate potential molecules that are able to induce a desired 
change in gene expression pattern [9, 10]. The arising of these 
works bridges systems biology and drug design, and remark-
ably expedites drug discovery process by incorporating desired 
genomics profiles to tailor candidate molecules. Nevertheless, 
these research depended on SMILES notations [11] as the repre-
sentation of drug molecules. Although SMILES string is a concise 
model of drug molecule which are readily utilized by deep learn-
ing algorithms derived from natural language processing area
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[12, 13], graphical molecular structural information is lost and 
chemistry validity cannot be guaranteed upon generation. 

Drug representations with molecular graphs, on the contrary, 
are able to capture the natural structure of molecules and 
incorporate valence check during generation to ensure the 
chemistry validity. The difficulty of graph generation stems from 
generating discrete structures which are not differentiable. To 
overcome such difficulty, several probabilistic graph construction 
approaches have been proposed [14–16], making direct and 
efficient generation of molecular graphs feasible. 

Deep learning-based generative approaches 
Recently, Deep learning-based generative algorithms have 
obtained tremendous success in the domains of text [17, 18] 
and image generation [19]. The pictures synthesized by AI is 
nearly indistinguishable from human works. The blossom of 
generative models also facilitates the process of drug discovery 
by identifying the hidden patterns of chemical space and search 
for candidate molecules in an oriented manner. Widely used 
generative models include Variational Auto-encoder (VAE) [20], 
Generative Adversarial Networks (GAN) [21] and Diffusion Models 
(DM) [22]. 

VAE is a popular method that compresses input data into 
a latent distribution, then samples and reconstructs new data 
points from the encoded distribution. However, it would be dif-
ficult to incorporate complicated genomics profiles to induce the 
generation with merely VAE model. GANs are versatile approaches 
that have achieved great success in various image synthesis tasks 
[23, 24], but are also revealed to be difficult to train due to their 
adversarial learning process. DMs are state-of-the-art models that 
surpass GANs in terms of sample quality and density estimation 
[25, 26], but DMs are designed for grid-like data such as images and 
it is non-trivial to apply it for molecular generation. Nonetheless, 
a recent work proposing latent DM [27] has demonstrated that 
compressing complex input data with a VAE model and only 
applying DM on the encoded latent space is feasible to generate 
high-quality samples in an efficient way. 

In this study, our main contributions include the following: 

• We present GLDM, a Graph Latent Diffusion Model, to gener-
ate potential drug candidates inducing desired gene expres-
sion changes. As shown in Figure 1, GLDM incorporates the 
conditioning gene expression profiles during denoising of the 
latent representations, and generates hit-like molecules. 

• GLDM is shown to be able to generate valid and versatile 
molecules, and outperform other state-of-the-art methods 
evaluated by GuacaMol benchmarking [28] in unconditional 
generation tasks. 

• Upon generation under the guidance of gene expression pro-
files, GLDM significantly surpasses similarity search, which 
is a widely used method in traditional computer-aided drug 
discovery. Notably, existing works for gene expression condi-
tioned generation are all based on SMILES and have a validity 
rate of lower than 10%, whereas GLDM can maintain 100% 
validity. 

RELATED WORK 
Modern AI-aided de novo drug discovery methods include SMILES-
based and graph-based generative approaches. SMILES-based 
methods prefer to leverage long short-term memory (LSTM) 
network to encode and generate SMILES notations of drugs. A 
variety of such methods managed to constrain the generation 

Figure 1. The schematic of GLDM architecture. 

with desired pharmaceutical properties [ 4, 29, 30] or biological 
activities [9, 10, 31, 32]. Notably, a generative method proposed by 
[10] used stacked GAN model in the VAE-encoded latent space to 
generate and refine molecules conditioned by gene signatures. 
High similarity scores achieved by their generated molecules 
indicate that they are potential to become drug candidates 
inducing desired biological activities, which could therefore 
facilitate hit identification in drug discovery process [33, 34]. 
However, all these methods suffered from the low validity rate 
problem since chemical rules are broken during generation of 
SMILES strings. 

To tackle the validity problem, probabilistic graph generators 
are brought into the area of molecule generation [14, 15], which 
can perform valence check to ensure chemistry validity during 
generation. However, early research of molecular graph decoders 
indicate that atom-by-atom generation is computationally inten-
sive so that such models are only able to produce molecules 
of small sizes [14, 35]. MoLeR [16] and MGSSL [36] introduced 
motif-based generation to overcome this difficulty and produce 
molecules with higher quality. Moreover, NeVAE [37] and CGVAE  
[38] proposed to constrain the generation with desired proper-
ties. GEODIFF [39] presented a DM to generate conformations 
derived from existing molecules. Currently, however, there are 
few approaches to constrain the graph-based molecular gen-
eration with an overall transcriptomic profile that depicts the 
desired biological activities in detail. Therefore, motivated by 
these pioneering works, we propose GLDM—a latent DM to dis-
cover hit molecules with motif-based generation constrained on 
gene expression signatures. 

METHODS 
Generation of potential drug candidates with desired biological 
and pharmaceutical properties has remained to be unsolved due 
to the complexity of chemical structures and difficulty of incor-
porating prior biological knowledge. In this section, we introduce 
the proposed GLDM for molecule generation. As shown in Figure 1, 
our model is composed of an encoder for latent space modelling,
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a DM for latent representation manufacture, and a decoder for 
molecule reconstruction. 

Model design 
In GLDM, molecules x are represented by molecular graphs, x = 
(V, E), denoting the node set as V and edge set as E. The input 
graphs can be readily encoded into latent representations via the 
encoder, which is denoted as 

z0 = F(x) (1) 

where F denotes the encoder function and z0 represents the latent 
code which is also the input to the diffusion process. Specifically, 
we use FiLMConv [40] layers to build the encoder. FiLMConv is 
a type of relational graph convolutional network (RGCN) that 
discriminates the message passing pattern of different edge (rela-
tion) types. RGCN models are gaining increasing popularity in 
modeling molecules over the recent years, since in molecular 
graphs, edges represent chemical bonds that belong to a variety 
of relation types. 

Given the molecular graphs with N nodes, we extract an adja-
cency matrix A ∈ RN×N, a node feature matrix H ∈ RN×P, where  
P refers to the dimension of node features, and an edge type 
set R containing all chemical bond types. The FiLMConv layer is 
formulated by 

h′
i =

∑
r∈R

∑

j∈N(r) 
i

(
γ (r) i � W(r) hj + β (r) i

)
(2) 

where β (r) i , γ (r) i = g(hi) and g(hi) is a linear layer. 
Then we design the diffusion process following the denoising 

diffusion probabilistic model. The latent representation z0 is 
destroyed by gradually adding Gaussian noise to the represen-
tation at each time step t, aiming at diffusing the data to a white 
noise distribution after T iterations. In this study, we choose 
T = 1000. Given the original data distribution z0 ∼ q(z0), and  
the variance schedule β0, ..., βT of each time step, the diffusion 
process is formulated by 

q(z1:T|z0) =
∏

q(zt|zt−1), 

q(zt|zt−1) = N (zt;
√

1 − βtzt−1, βtI) 
(3) 

By defining αt = 1 − βt and ᾱt = ∏t 
s=1 αs = ∏t 

s=1(1 −βs), zt can be 
sampled at an arbitrary time step t with 

q(zt|z0) = N (zt; ᾱtz0, (1 − ᾱt)I) (4) 

In contrast to the diffusion process, the denoising process targets 
at recovering the original data distribution from the destructed 
data representation zT. The learnable denoising kernel is denoted 
as 

pθ (z0:T) = p(zT) 
T∏

t=1 

pθ (zt−1|zt), 

pθ (zt−1|zt) = N (zt−1; μθ (zt, t), σ 2 
t I) 

(5) 

The distribution of zT is set as standard normal distribution 
p(zT) = N (zT; 0, I). 

Eventually, with the ẑ0 reconstructed by the denoising process, 
a graph decoder is employed to ensemble the molecular graph: 

x̂ = G(ẑ0) (6) 

where G is the decoder function. 
During the inference stage, we directly sample zT from the 

standard normal distribution and apply the denoising process, 
and the graph decoder G generates new molecular graph samples. 

Training objectives 
Training of the proposed model involves two stages: (1) training 
the encoder and decoder to learn an expressive latent space; and 
(2) training the DM in the latent space. 

Training the encoder and decoder 
Our encoder and decoder is developed by combining the VAE 
and adversarial learning. The specific architecture is depicted in 
Figure 2. The overall loss function is given by 

LAE(x) = Lrec(x) + λregLreg(x) (7) 

where Lrec and Lreg are the reconstruction loss and the regular-
ization loss, respectively, and the constant λreg is set to be smaller 
than 1 to make the training stable. 

Inspired by MoLeR [16], we formulate the reconstruction loss to 
be the expectation of log probability of a uniformly chosen step: 

Lrec(x) = Ez∼q(z|x)Ei∼U log p(si|z, Mi) (8) 

where si is the ith generation step and Mi is the partially generated 
molecule. This ensures all generation steps are independent from 
each other and can be trained in parallel. 

The target of the encoder is to compress the molecular graphs 
into a compact low-dimensional latent space. And according 
to [41], using adversarial loss helps capture a more informa-
tive latent space than the Kullback–Leibler (KL) Divergence [20] 
commonly used in VAE. However, the typical adversarial loss 
introduced by GAN [21] sometimes could not properly regularize 
the latent distribution to conform the prior distribution. The 
Wasserstein Autoencoder (WAE) [42] addresses this issue and 
balances the reconstruction and the regularization loss. Thus, in 
this work, we leverage the Wasserstein loss as the regularization 
loss. Following [43], we append a gradient penalty term to the 
original Wasserstein loss: 

LWAE(x) = Ez̃∼p(z̃)[D(z̃)] − Ex∼pd(x)[D(F(x))] 

+ λEẑ∼p(ẑ)

[(∥∥∇ẑD(ẑ)
∥∥

2 − 1
)2

] (9) 

where x ∼ pd(x) and z̃ ∼ p(z̃) denote the the input data distribu-
tion and the prior latent distribution, respectively. D is an addi-
tional discriminator attempting to discern latent representations 
encoded from the input data F(x) and the ones sampled from the 
prior latent distribution z̃. 

ẑ are sampled randomly from the latent distribution ẑ ∼ p(ẑ), 
where p(ẑ) is implicitly defined to sample uniformly along straight 
lines between the samples from the prior distribution p(z) and 
data distribution pd(x). And the penalty coefficient is set to be 
λ = 10.
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Figure 2. Autoencoder architechture. In the encoder, the input molecular graph is compiled into the latent representation conforming Gaussian 
distributions by the GNN layers. Then, a sampled latent representation is passed to the decoder to reconstruct the molecule structures. Following 
MoLeR, our decoder is composed of three MLPs, i.e. motif selector, attachment point selector and bond selector. In the initial step, only the motif selector 
is applied to predict the first fragment or single atom. In subsequent steps, another GNN block is used to convert the partially constructed graph into 
the latent representation, which is combined with the sampled latent representation as the input to the three selectors. Attachment point selector is 
responsible for predicting the node on the new fragment to be attached to the partially constructed graph. And the bond selector predicts the chemical 
bond to connect them. In the end, the discriminator is adopted to distinguish sampled and original latent representations. 

Training the DM 
Following [22], training of the DM is performed to optimize the 
evidence lower bound: 

LELBO = DKL(q(zT|z0)‖p(zT)) + 
T∑

t=1 

Eq(zt |z0)Lt−1, 

where Lt−1 = DKL(q(zt−1|zt, z0)‖p(zt−1|zt)) 

(10) 

which consists of the KL Divergence at the final time step and the 
sum of KL Divergence over the previous time steps Lt−1. 

The variance schedule βt of the diffusion process (3) are  set to  
constants so that the diffusion process is not learnable and the 
loss term (the first term in (10)) is neglected. Since the true diffu-
sion posterior is tractable as a Gaussian distribution according to 
(4), we parameterize the denoising process to be a Gaussian distri-
bution as well with pθ (zt−1|zt) = N (zt−1; μθ (zt, t), �θ(zt, t)), so  that  
the loss term Lt−1 is readily computed with the KL Divergence of 
two Gaussian distributions. Thereby, after simplifications, the ulti-
mate loss function used for optimizing our latent DM is defined 
as follows: 

LDM(θ) = Ez0,t,ε [‖ε − εθ (zt, t)‖2 ] (11) 

where z0 ∼ q(z0), t ∼ U(1, T) and ε ∼ N (0, I). εθ is the train-
able neural network implemented as a U-Net backbone, and 
the representation at time step t is sampled by zt = 

√
ᾱtz0 +√

1 − ᾱtε. Detailed architecture of the U-Net backbone is shown in 
Figure 3. 

Conditional generation 
When gene expression profiles are used as the condition y to guide 
the generation, our training objective is to optimize the loss 

Lcond_DM(θ) = Ez0,t,ε,y
[‖ε − εθ (zt, y, t)‖2] (12) 

Cross-attention conditioning 
DMs are not only capable of generating high-quality samples, but 
also able to be extended with conditional generation [27]. We 
incorporate multi-head cross-attention mechanism [44] into the 
intermediate layers of U-Net backbone to condition the molecular 
latent code zt at time step t with gene expression differences 
y ∈ RN×dc . Each head Hi can be formulated as 

Hi = Attention(QWQ 
i , KWK 

i , VWV 
i ) (13) 

where we can use the flattened intermediate representation of 
ϕi(zi) ∈ RN×di

ε as Q, and use y as K and V. WV 
i ∈ Rd×di

ε and WQ 
i , WK 

i ∈ 
R

d×dc are learned weights during optimizing the conditional loss 
function (12). 

Training and sampling procedure 
Steps to train GLDM are illustrated in Algorithm 1. Specifically, 
when training GLDM on an unconstrained generation task, gene 
expression input y will be neglected and the cross-attention layers 
in the transformer blocks in the U-Net backbone εθ will become 
self-attention layers. 

During the inference stage, the developed latent DM and 
decoder are combined for generation of new samples. Details 
are given in Algorithm 2. Starting from a standard Gaussian noise
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Figure 3. Architecture of the U-Net backbone. (A) The backbone is composed of a single-level U-Net. The ConvBlock and ResBlock are used for 
conditioning the latent codes with the time embedding. And Transformer blocks are used for conditioning the latent codes with the gene expression 
signatures. (B) Specific layers for the ConvBlock, ResBlock, TimeEmb and Output block. Transformer block is inherited from the typical transformer 
architecture with cross-attention for constrained generation and self-attention for unconstrained generation [44]. ResBlock has identical layers with 
ConvBlock, but have an additional connection to add the initial input before the second GroupNorm layer. DownSample and UpSample blocks consist 
of one 1D convolutional layer to decrease or increase the channels, respectively. 

Algorithm 1 Training algorithm of GLDM 

Input: Molecular graph data x = (V, E), gene expression signa-
ture y 
Stage 1: Train the encoder and decoder 

Initial: Encoder Fφ , decoder Gξ and discriminator Dω 

while φ, ξ , ω have not converged do 
z = Fφ(x) 
μ, σ = MLP(z)
ε ∼ N (0, I) 
z̃ = ε � σ + μ 	 Reparameterization 
x̂ = Gξ (z̃) 	 Reconstruction 
LAE = Lrec(x, x̂) + λregLreg(x, z̃) 
φ, ξ , ω ← optimizer(LAE; φ, ξ , ω) 

end while 
Stage 2: Train the latent diffusion model 

Initial: Diffusion backbone εθ 

Fix encoder parameters φ 
while θ has not converged do 

z0 = Fφ(x) 
t ∼ U(1, T)

ε ∼ N (0, I) 
zt = √

ᾱtz0 + √
1 − ᾱtε 	 Diffusion process 

LDM(θ) = E
[‖ε − εθ (zt, y, t)‖2

]
θ ← optimizer(LDM; θ)  

end while 

Algorithm 2 Sampling algorithm of GLDM 

Input: Standard Gaussian noise zT ∼ N (0, I), gene expression 
signature y 
for t = T : 1  do 	 Denoising loop

ε ∼ N (0, I) 
zt−1 = 1√

1−βt 
(zt − βt√

1−ᾱt
εθ (zt, y, t)) +

√
1−ᾱt−1 
1−ᾱt 

βtε

end for 
x̂ = Gξ (z0) 	 Reconstruction 
return x̂ 

signal, the DM is first applied to remove noise gradually after 
T = 200 steps. And the decoder is then used for reconstructing 
the molecular graph. For constrained generation, gene expression 
signature y is also fed into the diffusion backbone εθ to control the 
denoising procedure. For unconstrained generation, y is neglected 
and the generated molecules are not expected to induce potential 
gene expression changes. 

Implementation details 
We set the dimension of the latent representations to be 1 × 512, 
and the dimension of the conditioning gene signature to be 1×979, 
which equals to 978 genes plus 1 dosage value. We use a linear 
learning rate scheduler to gradually increase the learning rate 
from 1e − 6 to 1e − 3. The batch size used for training the LDM 
is 50 or 100. The other hyperparameter configurations are shown 
in Table 1. Eventually, we use the GLDM-1 configuration to report 
all the results. Channels refer to the number of channel in the first 
ConvBlock. Channel multipliers control how the number of chan-
nel multiplies or divides in the subsequent ConvBlock or ResBlock. 
Attention downsampling factor affects when a Transformer block 
is appended after the ResBlock. Head channels reflect the number 
of channels assigned to each head in the multi-head attention 
layer. The number of attention heads equals to current channel 
number divided by head channel number. 

RESULTS 
Datasets 
Two generative chemistry databases were used to sustain this 
study: ChEMBL [45] and LINCS [46]. ChEMBL database collects 
bioactive molecules with drug-like properties together with 
bioactivity and genomics data. LINCS database is a program 
facilitating network-based apprehension of biology by cataloging 
changes in various cellular processes when cells are exposed 
to certain perturbagens. LINCS L1000 project collects gene 
expression profiles of cell lines for thousands of perturbagens 
such as drugs at different time points. Both databases aim at 
bridging the relationship between chemistry and biology and 
boosting application of genomics profiles in novel drug discovery.
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Table 1: Hyperparameters of GLDM 

GLDM-1 GLDM-2 GLDM-3 GLDM-4 GLDM-5 GLDM-6 

Channels 64 64 256 256 64 64 
Attention downsampling factors 4, 2 8, 4, 2 4, 2 8, 4, 2 4, 2 8, 4, 2 
Channel multipliers 1, 2, 3 1, 2, 3, 4 1, 2, 3 1, 2, 3, 4 1, 2, 3 1, 2, 3, 4 
Number of ResNet blocks 1 1 1 1 2 2 
Head channels 8 8 32 32 8 8 

In this study, we first pretrain our encoder and decoder on a 
dataset curated by GuacaMol [ 28] from ChEMBL database. This 
dataset contains ˜1.5M drug-like molecules and is large enough for 
our AE models to learn a general latent distribution of drug-like 
structures. Then we develop LDMs on the latent space encoded 
by AE models, and compare their performances with plain AEs 
and baseline models by evaluating on the GuacaMol benchmarks. 
Then we perform gene expression conditioned generation on 
a dataset curated by [9] from the L1000 project. This dataset 
consists of only ˜5.2k molecules, which we believe is insufficient 
to cover general drug distributions. Therefore, we apply transfer 
learning to fine-tune our pretrained AE models on L1000 dataset, 
and develop the LDM models to generate hit-like drug candidates 
inducing target gene expression signatures. 

Unconstrained generation 
In this section, the developed and baseline models were evaluated 
on the GuacaMol distribution learning benchmarks [28]. In par-
ticular, five benchmarks were evaluated, i.e., validity, uniqueness, 
novelty, KL Divergence and Frechet Chemnet Distance (FCD) [47]. 
Validity assesses if the generated molecules are valid. Uniqueness 
evaluates if the products of generation correspond to different 
molecules. Novelty assesses if the model is able to generate 
novel molecules that are never present in the training set. KL 
Divergence and FCD measure if the generated molecule set has 
captured the probability distribution of the training set in terms 
of a variety of physicochemical properties or chemical and bio-
logical features. All the five measurements are converted by 
GuacaMol benchmark into scores ranging from 0 to 1, which is the 
higher the better. 10k molecules are generated to evaluate these 
benchmarks. 

Comparison with existing methods 
To demonstrate our proposed approach, we consider 4 genera-
tive models as baselines: JT-VAE [48], MoLeR [16], GDSS [49] and  
DiGress [50]. Notably, JT-VAE and MoLeR are VAE models, and 
GDSS and DiGress are DMs. We directly use the JT-VAE model 
pretrained on the ChEMBL dataset to evaluate the GuacaMol dis-
tribution learning benchmarks without retraining. We transform 
MoLeR implementation from Tensorflow to PyTorch to keep the 
framework consistent with other models. GDSS is not initially 
developed on the GuacaMol dataset, so we train the model with 
default hyperparameters on this dataset for a fair comparison. For 
DiGress, we directly use the scores reported in their work. 

In Table 2, the first four rows correspond to the four baseline 
models, and the last row reports the performance of our GLDM. 
As shown, JT-VAE fails to generate unique and novel molecules. 
Despite that MoLeR and GDSS are able to achieve high unique-
ness and novelty scores, they perform poorly with regard to KL 
Divergence and FCD metrics. Only GLDM and DiGress perform 
decently in KL Divergence and FCD evaluations, whereas DiGress 
fails to generate 100% valid molecules. This demonstrates that 

by applying diffusion processes in the latent space, our model 
is able to capture similar diversity and property distributions 
with the original training molecule set, thus generate versatile 
molecules with higher potential to become drugs maintaining 
chemical validity. 

Effect of loss functions on encoder 
As discussed in Section 3.2.1, the regularization loss Lreg is imple-
mented as the Wasserstein loss LWAE (9). To demonstrate the 
rationale of using this loss function, we designed an ablation 
experiment to compare the performance of GLDMs using various 
regularization loss functions. Besides the Wasserstein loss, we 
considered the KL Divergence [20] and the adversarial loss [21]. 

KL Divergence, which is commonly used in VAE model training, 
is formulated as 

LVAE(x) = −DKL(qθ (z|x)‖p(z)) (14) 

where qθ represents the encoder posterior distribution and p(z) is 
the prior Gaussian distribution. 

The adversarial loss is defined as 

LGAN(x) = Ez∼p(z) log D(z) + Ex∼pd(x) log(1 − D(E(x))) (15) 

where D is the discriminator function, and x ∼ pd(x) and z ∼ p(z) 
are identical to (9). 

As shown in Table 3, the three variants of our model did not 
differ much in terms of validity, uniqueness and novelty. However, 
GLDM with the GAN loss performed slightly better than VAE and 
WAE losses on KL Divergence and FCD. 

Constrained generation of hit molecules 
In this section, we present the generation results of GLDM con-
ditioned on anticipated gene expression profiles. In Section 4.2, 
we developed our DM on the top of the autoencoder model 
pretrained on the GuacaMol dataset containing millions of drug-
like molecules. Now we apply transfer learning to fine-tune the 
pretrained autoencoder model on the L1000 dataset to maintain 
the model’s capability of encoding general drug-like molecules 
and adjust it to fit the specific distributions of target dataset. 
Then we train conditional LDM by optimizing (12) and evaluate 
the generation conditioned on gene signatures. 

In the L1000 dataset, each gene signature or gene expression 
profile is composed of expression values of 978 Landmark genes. 
Landmark gene expression can be used for inferring expression 
of another ˜12k genes and thus depicting the overall transcrip-
tome [46]. Then we calculate the differences between the gene 
signatures of treated cell lines and untreated control ones, and 
combine each of the gene expression change with the dosage 
value of the treatment to form the condition vector y ∈ R1×979 to 
train GLDM. For evaluation, we first filtered the L1000 dataset with
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Table 2: GuacaMol distribution learning scores of baselines, i.e., JT-VAE, MoLeR, GDSS and DiGress, and our model, GLDM 

Model Validity (↑) Uniqueness (↑) Novelty (↑) KL Divergence (↑) FCD (↑) 

JT-VAE 1.0 0.376 0.626 0.320 0.005 
MoLeR 1.0 0.955 0.968 0.471 0.087 
GDSS 1.0 0.996 0.991 0.673 0.020 
DiGress 0.852 1.0 0.999 0.929 0.680 
GLDM (Ours) 1.0 0.999 0.997 0.926 0.424 

Table 3: Ablation study on GuacaMol distribution learning benchmarks 

GLDM Model Validity (↑) Uniqueness (↑) Novelty (↑) KL Divergence (↑) FCD (↑) 

Lreg = LVAE 1.0 0.999 0.993 0.798 0.248 
Lreg = LGAN 1.0 0.999 0.997 0.926 0.424 
Lreg = LWAE 1.0 0.999 0.995 0.870 0.295 

gene signatures of MCF7 or VCAP cell lines treated by drug-like 
compounds at 5 or 10 μM after exposure of 24 hours. Then only 
the gene signatures perturbed by active molecules, whose target 
is among nine famous protein targets (i.e., AKT1, AKT2, EGFR, 
AURKB, HDAC1, SMAD, MTOR, PIK3CA, TP53), were kept, following 
[10]. ExCAPE database [51] was used for protein target retrieval. 
During inference, 100 molecules are generated for each of the 332 
gene expression differences, which are caused by treatments of 
drug-like compounds serving as inhibitors of pharmaceutically 
interested genes. 

Among existing works [9, 10, 31, 32] that constrain molecule 
generation with gene expression signatures, only BiAAE [9] and  
TRIOMPHE [31] provided their implementations and were devel-
oped on the L1000 dataset. However, after scrutinizing TRIOMPHE, 
we realized their workflow is to find an existing drug-like com-
pound that induces the most similar gene expression signature 
with the desired signature, then build novel molecules on the 
top of the existing compound. Unlike our method, the input to 
TRIOMPHE model is in fact the structure of the existing com-
pound, but not the desired gene expression profile. Therefore, we 
only considered BiAAE as the baseline method for comparison in 
the following experiments. 

Structural similarity evaluation 
Similarity search is a well-known approach in drug repurposing 
and drug discovery by comparing the similarity between gene 
expression signatures of drugs or between gene expression sig-
natures induced by potentially active molecules and a knocked-
out target protein. In this research, we use similarity search as the 
baseline to demonstrate our proposed approach. Comparisons are 
made by calculating structural similarity scores. Specifically, the 
similarity scores between the generated molecules conditioned on 
the target gene expression changes and the active drugs for the 
target extracted from the ExCAPE database [51] are calculated as 
the metrics of our model. Then we compute the euclidean and 
cosine distances between the target gene expression changes and 
the compound-induced gene expression signatures in the dataset, 
and select the nearest neighbour molecules, whose structural 
similarity scores with the active drugs are used as baselines to 
evaluate our models. 

In particular, we measured Fraggle similarity, and Tanimoto 
similarity with MACCS Fingerprints and Morgan Fingerprints as 
the metrics for evaluation. The metrics are implemented using 

RDKit [52], and shown in Figure 4. We use a one-sided Mann– 
Whitney U-test to examine if the similarity scores obtained by 
our models are significantly greater than the baselines. Compared 
with similarity search, GLDMs using all kinds of loss functions 
are always able to generate molecules with significantly higher 
similarity (P-value < 0.001). However, our method’s improvement 
over BiAAE is not statistically significant (P-value ≥ 0.001). 

Synthetic accessibility and quantitative estimate of 
drug-likeness 
We computed the Synthetic accessibility (SA) score [53] for  
molecules produced by GLDM and the baseline model, and 
compare the results with the original dataset. There are ˜5k 
molecules in the L1000 dataset, and we generated 100 molecules 
for each of the 332 target gene expression changes. Since the 
number of samples varies to a great extent, we calculated 
the percentage of easily synthesized molecules to perform a 
fair comparison. Notably, the SA score ranges from 1 (easy to 
synthesize) to 10 (difficult to synthesize). Thus, we consider a SA 
score ≤ 4.5 as the criterion of easily synthesized. 

As shown in Figure 5, molecules from the L1000 dataset exhibit 
high rates of easily synthesized. We observe that with VAE or WAE 
loss, percentage of easily synthesized molecules generated by 
GLDM approximates the original dataset and outperforms BiAAE. 
BiAAE generates SMILES rather than the molecule structures, 
and around 34.7% of the generated SMILES strings violated the 
chemical rules. We considered such samples as unsynthesizable 
(SA score = 10). However, GLDM with GAN loss performs much 
worse. By scrutinizing the generated samples, we find GLDM with 
GAN loss produces complicated structures such as large rings and 
long chains, which make the molecules difficult to synthesize. 

Quantitative estimate of drug-likeness (QED) score is a criterion 
to evaluate the molecular properties of drug candidates. It inte-
grates the assessment of 8 commonly used properties, including 
number of structural alerts, octanol–water partition coefficient, 
number of aromatic rings, etc. All these properties are closely 
relevant to drug attrition. In order to identify possible attrition 
in advance and prevent failures after devoting huge resources to 
clinical trials, we intend to evaluate our approach with QED score. 
Specifically, average QED scores are computed for all tasks and 
baselines. 

In Figure 6, we find that, consistent with our observations on 
SA scores, GLDM with the VAE loss achieves the QED score higher
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Figure 4. Distribution of structural similarity scores of Fraggle similarity, and Tanimoto similarity with MACCS Fingerprints and Morgan Fingerprints. 

Figure 5. Percentage of easily synthesized molecules. 

Figure 6. Average QED scores. 

than the original dataset. GLDM with the WAE loss is the second 
best model, which is lower than the original data but higher than 
the BiAAE baseline. Similar to SA score computation, we consider 
invalid samples generated by BiAAE as zero drug-likeness (QED 
score = 0). GLDM with the GAN loss still performs the worst. Both 
SA scores and QED scores indicate that using the GAN loss causes 
the model to generate molecules that are less potential to become 
drug candidates. 

Binding affinity 
Previous studies [9, 10, 31, 32] only evaluated structural similarity, 
which is a commonly used metric to estimate efficacy of potential 

Table 4: Information about the evaluated binding pose 
structures 
PDB id Target protein Ligand name 

4HJO EGFR Erlotinib 
1M17 EGFR Erlotinib 
2ITO EGFR Gefitinib 
2ITY EGFR Gefitinib 
2ITZ EGFR Gefitinib 
7ZYN EGFR – 
5X2K EGFR – 
6HSK HDAC8 Quisinostat 
4LXZ HDAC2 Vorinostat 
7ZZS HDAC2 Vorinostat 

drug candidates. However, similar structures do not necessarily 
lead to similar biological functions. Moreover, if we only assess 
models using structural similarity, the best performance will be 
achieved by generating existing structures rather than new ones, 
which is contradictory to our aim to discovering novel drugs. 
Since the molecules are generated using gene expression changes 
caused by the reference active molecules, we hypothesize that 
the generated and the reference molecules should induce similar 
biological activities, which means they should have the same 
protein targets. Thus, we believe it is more sensible to test this 
hypothesis by assessing the binding affinity between the gener-
ated molecules and their potential protein targets. 

In BindingDB [54], we searched for active molecules whose 
binding structures are clearly recorded in Protein Data Bank 
(PDB) [55], and 5 active molecules with 10 binding poses were 
finally selected for evaluation. The PDB id, target protein and 
ligand name of the selected binding poses are shown in Table 4. 
We generated 100 molecules using the gene expression changes 
caused by the 5 reference molecules. Gnina [56] was leveraged 
to perform the molecular docking experiments and predict the 
binding affinity scores of the generated molecules. Figure 7 dis-
plays the distribution of Vina scores when docking generated 
molecules with known protein pockets. It is evident that GLDMs 
with the GAN loss and the WAE loss achieve lower Vina scores in 
all the ten docking experiments, indicating better binding affinity, 
whereas GLDM with the VAE loss performs much worse. However, 
as observed in Section 4.3.2, the GAN loss induces our model to 
generate large molecules with complex structures. Since large 
molecules are inclined to achieve high binding affinity in the 
molecular docking experiments, we cannot fairly demonstrate 
GLDM with the GAN loss generates potential drug candidates. On
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Figure 7. Vina score distribution of our model (GLDM) and baseline model (BiAAE). Outliers are removed. 

Table 5: Ratio of generated molecules with better binding affinity and Vina scores of our model and baselines 

PDB id High affinity ratio (%) (↑) Binding score (kcal/mol) (↓) 

BiAAE GLDM Reference BiAAE GLDM 

4HJO 64.0 73.8 −7.36 −10.74 −10.94 
1M17 73.0 76.4 −7.22 −9.51 −10.82 
2ITO 27.0 40.8 −8.33 −10.08 −11.07 
2ITY 48.0 60.2 −7.48 −9.80 −10.02 
2ITZ 16.0 31.6 −8.48 −9.85 −9.77 
7ZYN 25.0 39.8 −7.74 −9.17 −10.30 
5X2K 11.0 16.3 −7.80 −9.13 −9.76 
6HSK 44.0 74.0 −6.72 −9.21 −9.60 
4LXZ 52.0 77.3 −6.27 −8.73 −9.68 
7ZZS 41.0 48.5 −7.31 −11.18 −9.82 

the contrary, GLDM with the WAE loss not only achieved high 
binding affinity with even smaller range of Vina scores, but also 
retain decent SA and QED scores. We therefore conclude that 
GLDM with the WAE loss is potential for hit candidate discovery. 

Furthermore, we evaluated the ratio of molecules that exhibit 
lower binding scores than the original reference molecules. For 
brevity, we only consider GLDM with the WAE loss. In Table 5, 
GLDM always generated a significant amount of molecules that 
have better binding affinities than reference compounds, and 
performed better than BiAAE in all assessed docking experiments 
except 7ZZS. In addition, the Vina score achieved by reference 
molecules and the lowest Vina score achieved by BiAAE and our 
model are also shown in Table 5. Figure 8 presents generated 
molecules including the only case (7ZZS) that BiAAE generates a 
better molecule. 

CONCLUSION AND DISCUSSION 
In this study, we presented GLDM, a latent DM to generate 
hit-like drug molecules that are able to induce desired biological 
activities. We used an autoencoder model made out of graph 
neural networks to obtain latent codes of molecular graphs, 
and developed a DM in the latent space to produce molecular 
representations. Gene expressions were added as constraints to 
GLDM to generate molecules with desired biological activity. Our 
experiments demonstrate that GLDM achieves state-of-the-art 
results on both unconstrained and constrained generation tasks. 

Previous studies directly developed their models on a small 
dataset targeting at the constrained generation task. However, 

the widely used LINCS L1000 dataset does not contain sufficient 
drug-like molecules so that their models are not able to learn 
a comprehensive distribution of potential drug structures. This 
means the generated molecules are limited to a small portion of 
possible structures which are similar with existing drugs. 
Although similar structures sometimes lead to similar biological 
activities, we might lose the chance to discover brand new drugs. 
Therefore, we start our model development with the much larger 
GuacaMol dataset. GLDM exhibits superior GuacaMol distribution 
learning scores to baseline models, meaning it is capable of 
generating valid, novel and versatile drug-like molecules. 

Then we apply transfer learning to finetune the model on L1000 
dataset. Constrained on desired gene expression changes, the high 
structural similarity between generated molecules and known 
active compounds further indicates that GLDM can discover hit 
candidates. Moreover, compared with the baseline model, our 
model produced molecules with higher binding affinity while 
retaining reasonable SA and QED scores. We believe GLDM will 
be a promising approach to expedite drug discovery process. 

Key Points 
• GLDM adapts diffusion operations in the latent space 

modelled by a graph encoder, which generates high-
quality molecules in an efficient way. 

• GLDM leverages cross attention mechanism during the 
denoising process of the Diffusion Model to constrain the 
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Figure 8. Example molecules with high predicted binding affinity generated by GLDM and BiAAE, together with the reference molecule. Vina score is 
reported under each subfigure. 

generation with gene expression profiles, thus producing 
hit molecules with desired biological activities. 

• GLDM achieved state-of-the-art performance in Gua-
caMol distribution learning tasks, indicating our model 
is able to generate valid and versatile molecule samples. 

• Constrained by desired transcriptomic profiles, GLDM 
generated hit candidates that exhibited high structural 
similarity with known active drugs and high binding 
affinity with potential protein targets. 
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