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Abstract 

Accurate prediction of drug-induced transcriptional responses is essential for drug discovery 

and precision medicine. Existing computational models, including encoder–decoder 

architectures and generative adversarial network-based approaches, achieve reasonable 

accuracy but often fail to account for gene–gene correlations and generalize to unseen 

conditions. Here, we present a latent diffusion model that combines a variational autoencoder 

(VAE) with a diffusion process. The VAE compresses gene expression (GE) profiles into a low-

dimensional latent space, where the diffusion process learns the joint probability distribution 

of latent GE representations and their noisy intermediates. Learning these distributions allow 

the model to capture gene–gene correlations more effectively. Moreover, our model 

incorporates multiple perturbation conditions—including cell line, compound, dose, and 

time—to enhance generalization performance on unseen conditions. The reverse diffusion 

process is designed to predict both the mean and variance of the latent representations, which 

robustly enhances the fidelity of the generated GE profiles. The proposed model demonstrated 

the highest accuracy in reconstructing perturbed GE profiles compared to previous studies, 

achieving a root mean squared error (RMSE) of 1.340, a Pearson correlation coefficient of 

0.832 and an R² score of 0.669. In addition, the proposed model demonstrated superior 

performance in preserving gene–gene correlation, as shown by correlation heatmaps, compared 

to existing approaches. To evaluate the biological relevance of generated transcriptional 

profiles, we conducted a half-maximal inhibitory concentration prediction task using the 

generated profiles as model inputs. Our model outperformed the baseline methods, achieving 

a RMSE of 1.335 and R2 score of 0.819. In conclusion, we demonstrated the potential of 

diffusion-based generative models as reliable and versatile tools for modeling transcriptional 

responses, with implications for drug discovery and precision medicine applications. 
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1. Introduction 

Drug-induced cellular response refers to the physiological and biochemical changes that cells 

undergo in reaction to external signals, such as drug treatment [1]. These cellular responses 

provide crucial insights for disease treatment, drug development, and precision medicine [2, 3]. 

Accurate prediction of cellular responses can help reduce the enormous costs associated with 

drug development, predict potential adverse effects in advance, and improve drug safety. 

Transcriptome-level changes have been utilized as representative metrics to characterize 

cellular states and their directional changes [4, 5]. GE patterns at the transcriptomic level reveal 

how drugs activate or inhibit biological pathways [1, 6], enabling quantitative analysis of the 

complex characteristics of drug-induced cellular responses and gene−gene interactions [4, 7]. 

Recent advances in high-throughput screening (HTS) technology have enabled the rapid 

acquisition of large-scale transcriptomic response data [8], leading to the establishment of 

comprehensive transcriptomic databases such as the Library of Integrated Network-Based 

Cellular Signatures (LINCS) L1000 project [9]. However, it is impractical to experimentally 

obtain transcriptomic response data for a large number of drug–cell combinations [3]. Due to 

this limitation, there has been increasing effort to predict drug-perturbed GE using 

computational methods. 

Previous studies have predicted drug-perturbed GE using various approaches such as 

encoder–decoder architectures and generative adversarial networks (GANs). Encoder–

decoder-based approaches effectively predicted drug-perturbed GE using cell line features and 

chemical features such as molecular graphs and SMILES representations [10, 11]. In particular, 

PRnet [11] achieved remarkable performance in predicting drug-perturbed GE using 

unperturbed GE and functional-class fingerprints as input features. However, these models fail 

to sufficiently capture gene–gene correlations, as they were not designed to consider such 

covariation structures. Since gene–gene correlations reflect the biological pathways in cells 

that drive drug-induced cellular responses [12, 13], failing to capture these correlations 

undermines the biological validity of predictions. GAN-based approaches employ generator 

networks with strong modeling capabilities to generate predictions [14-16]. Nevertheless, most 

studies do not fully incorporate perturbation condition features, which limit their generalization 

ability. Furthermore, their capacity to capture gene–gene correlations remains limited and 

largely implicit, without explicitly modelling or evaluating such correlations. 

To address these limitations, diffusion models have emerged as a promising approach [17-19]. 

Unlike encoder–decoder or GAN-based approaches, diffusion models learn the joint 

distribution of complex data by progressively denoising random noise through probabilistic 

sampling processes [20]. This distributional modeling allows them to capture the covariance 

structure among genes, thereby preserving gene–gene correlations. Recently, PertDiT [21] has 

demonstrated the feasibility of applying diffusion model to predict drug-perturbed GE by 

incorporating transformer-based denoisers. PertDiT also has achieved state-of-the-art (SOTA) 

performance using unperturbed GE and text embedding vector of drugs as condition features 

in denoiser. However, since PertDiT performs the diffusion process directly in the high-

dimensional GE space, it incurs a significant computational cost and training instability. 

Moreover, PertDiT’s denoiser predicts only the means of the noise distribution while fixing the 

variance to a constant value, which limits its ability to capture the full distributional structure 



of transcriptomic responses. In contrast, subsequent research on diffusion models has 

demonstrated that learning both mean and variance generally improves the variational lower 

bound and facilitates log-likelihood optimization [22]. Log-likelihood serves as a key metric 

for evaluating generative model quality, and its optimization enables models to capture diverse 

modes of the data distribution more effectively [23]. This suggests that modeling both mean 

and variance in diffusion model denoisers is crucial for capturing the distributional structure of 

real data and enhancing generation quality. 

Among diffusion model variants, latent diffusion models (LDMs) offer particular advantages 

for high-dimensional data. LDMs perform the diffusion process in a compressed latent space 

rather than the original data space, significantly reducing computational costs while 

maintaining generation quality [24]. This latent space representation enables more efficient 

learning of complex data distributions and provides better control over the generation process. 

For the LINCS L1000, which involves approximately 1,000 landmark genes with complex 

correlation structures, the dimensional reduction inherent in LDMs can help capture essential 

biological patterns while avoiding the computational burden of operating in the full GE space. 

Therefore, this study proposes an approach for predicting drug-perturbed GE based on LDM. 

This approach encodes GE into a low-dimensional latent space using VAE, enabling stable 

learning of complex GE patterns while improving computational efficiency. Furthermore, by 

predicting both mean and variance of latent vectors during the reverse diffusion process, the 

model generates more robust and high-fidelity GE. To demonstrate the biological relevance of 

generated GE, we performed the half-maximal inhibitory concentration (IC50) predictions 

using GE generated as different models, including the proposed LDM. The objectives of this 

study are as follows: (i) to generate GE that faithfully reproduces the gene−gene correlation 

structure of real data, and (ii) to achieve high generalization performance under unseen 

perturbation conditions, including novel cell lines and drugs not present in the training data. 

 

2. Methods 

2.1 Model Architecture 

This study employs an LDM framework to generate drug-perturbed GE. The overall 

architecture is presented in Fig. 1. The model consists of two main components, a VAE and a 

diffusion model. Initially, the VAE is pretrained on perturbed GE to obtain a stable latent 

representation. The pretrained VAE encoder then maps perturbed GE onto latent space, where 

the diffusion model performs training and inference. During the reverse diffusion process, the 

denoiser model predicts both the mean and variance of the latent distribution, thereby enabling 

more robust GE generation. Furthermore, diffusion models learn to approximate complex 

multivariate distributions through iterative denoising process, allowing them to capture gene–

gene correlation more comprehensively compared to deterministic models. Finally, by 

integrating diverse perturbation conditions during training, the model learns a condition-aware 

latent representation which enhances generalization performance on unseen conditions not 

present in the training data. 



 

Fig. 1. Overview of model architecture. A. VAE is pretrained on perturbed GE profiles. The 

encoder maps perturbed GE onto a latent space, from which the decoder can accurately 

reconstruct the original input. B. Diffusion model is trained in latent space provided by the 

pretrained VAE. The schematic illustrates both the forward and reverse diffusion process, 

where the denoiser predicts the mean and variance of latent representations at each timestep. 

Four conditioning features are incorporated in reverse diffusion process: unperturbed GE, 

compound structure, treatment dose, and treatment time. 

 

2.2 Data Preprocessing 

This study used the LINCS L1000 dataset, which provides GE data from genetic (shRNA, 

cDNA) and chemical (small molecules) perturbations across various cell lines, compounds, 

time points, and dose conditions [9]. The complete dataset contains GE for 978 landmark genes 

and 11,350 additional genes. While the expression of 978 landmark genes was experimentally 

measured, the 11,350 additional genes were computationally imputed using a transformation 

matrix [1]. To ensure data reliability, this study used only landmark gene data. 

The dataset is available in three versions: phase I, II, and beta, with each version categorized 

into five levels according to the data processing pipeline. We used level 3 quantile-normalized 

GE profiles from phase I. The following data cleaning procedures were applied: (i) removal of 

compounds appearing fewer than 5 times in the entire datasets; (ii) removal of compounds with 

invalid SMILES strings that could not be successfully parsed by RDKit [25]; (iii) pairing of 

unperturbed and perturbed observations. The final dataset comprised 836,841 observations 

across 82 cell lines and 17,766 compounds, covering diverse treatment dose and time 

conditions. 

 

2.3 Variational Autoencoder Pretraining 

Perturbed GE is represented as a 978-dimensional vector. Training a diffusion model directly 

on this high-dimensional space is computationally expensive and may lead to unstable 



optimization [24]. To address this challenge, we employed a VAE to map GE profiles onto a 

lower-dimensional latent space, where the diffusion model is subsequently trained. 

 

 

Fig. 2. Structure of variational autoencoder. The encoder maps perturbed GE profiles onto a 

latent space parameterized by mean and variance. The decoder reconstructs the original profiles 

from latent samples obtained via the reparameterization trick. 

 

The VAE follows an encoder-decoder architecture [26]. Given an input GE vector 𝐱 , the 

encoder approximates the posterior distribution of the latent representation 𝐳 , denoted as 

𝑞𝜙(𝐳|𝐱), by predicting its mean 𝜇𝑉𝐴𝐸 and log-variance log 𝜎𝑉𝐴𝐸
2 . The decoder reconstructs the 

original GE profile from the latent representation by modeling the conditional distribution 

𝑝𝜓(𝐱|𝐳). 

The VAE is trained by maximizing the evidence lower bound (ELBO) [26]: 

ELBO = 𝔼𝑞𝜙(𝐳|𝐱)[log 𝑝𝜓(𝐱|𝐳)] − DKL(𝑞𝜙(𝐳|𝐱)‖𝑝(𝐳)), (1) 

where 𝑝(𝐳) is the prior distribution, assumed to be a standard Gaussian 𝒩(0, 𝐈). 

In practice, the VAE loss function is: 

ℒVAE =
1
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where the first term denotes the reconstruction loss, which is measured in terms of the mean 

squared error. 𝑁  means the number of samples. The second term is the Kullback-Leibler 

divergence that regularizes the latent distribution toward the prior [27]. 𝜇𝑉𝐴𝐸,𝑖  and 𝜎𝑉𝐴𝐸,𝑖
2  

denote the mean and variance of latent representations of 𝑖th sample, respectively. 𝑘 is the KL 

term weight which set to 1 in our experiments. 

 

2.4 Diffusion Model Training 

GE follows a high-dimensional and complex distribution that reflects nonlinear interactions 

among numerous genes. Therefore, we adopted a diffusion model, which has been shown to 

outperform existing generative approaches in terms of generation quality and diversity [20]. A 



diffusion model represents complex data distributions through a Markovian sequence of 

Gaussian noising and denoising steps, allowing for flexible and stable modeling of multimodal 

biological data. This probabilistic formulation can enhance the biological plausibility and 

consistency of the predicted GE, as it naturally captures stochastic variation inherent in GE 

[28]. 

2.4.1 Forward diffusion 

Given the latent representation 𝐳0 obtained from the pretrained VAE encoder, Gaussian noise 

is gradually injected over 𝑇 timesteps. At each timestep 𝑡, the noisy latent representation is 

sampled according to the following distribution: 

𝑞(𝐳𝑡|𝐳𝑡−1) =   𝒩(𝐳𝑡; √1 − 𝛽𝑡𝐳𝑡−1, 𝛽𝑡 ⋅ 𝐈), (3) 

where 𝛽𝑡 ∈ (0,1) denotes the noise scale parameter at timestep 𝑡. We employed a linear noise 

scheduler: 

𝛽𝑡 = 𝛽min +
𝑡 − 1

𝑇 − 1
(𝛽max − 𝛽min), (4) 

where 𝛽min and 𝛽max specify the starting and ending noise levels of the linear schedule that set 

to 1 × 10−5 and 0.01, respectively. 

Equivalently, the forward process can be expressed in closed form as: 

𝑞(𝐳𝑡|𝐳0) =   𝒩(𝐳𝑡; √𝛼̅𝑡𝐳0, (1 − 𝛼̅𝑡)𝐈), (5) 

where 𝛼𝑡 = 1 − 𝛽𝑡  and 𝛼̅𝑡 = Π𝑠=1
t 𝛼𝑠 . This forward process generates a sequence of 

increasingly noisy latent representations that approaches a standard Gaussian distribution as 

𝑡 → 𝑇. 

2.4.2 Reverse diffusion 

The reverse diffusion process progressively denoises the latent representations by modeling 

the reverse conditional distribution 𝑞(𝐳𝑡−1|𝐳𝑡). Since this distribution is intractable without 

knowledge of the entire data distribution, we approximate it with a parameterized neural 

network: 

𝑝𝜃(𝐳𝑡−1|𝐳𝑡, 𝐜) = 𝒩(𝜇𝜃(𝐳𝑡, 𝑡, 𝐜), Σ𝜃(𝐳𝑡, 𝑡, 𝐜)), (6) 

where the condition vector 𝐜  encodes basal GE, compound structure, treatment dose, and 

treatment time. 

Basal GE profiles for each cell line are embedded using a multilayer perceptron (MLP). 

Compound features are extracted by embedding molecular SMILES strings with Molformer 

[29], a transformer-based molecular representation model with rotary position embeddings. 

Treatment dose and time are embedded via independently parameterized MLPs. While dose 

effects have been extensively studied due to their strong influence on GE changes, treatment 



time has received less attention despite its biological importance. Since cellular metabolism 

and signaling pathways evolve temporally, treatment time represents a critical factor 

influencing GE [30]. Therefore, we explicitly incorporate time features. The resulting 

embeddings are concatenated and compressed into the condition vector 𝐜 through the MLP 𝜏. 

The denoising network takes three inputs: the noisy latent variable 𝐳𝑡, embedding vector of 

timestep 𝑡, and condition vector 𝐜. It predicts both the mean 𝜇𝜃 and interpolation vector 𝑠 ∈
[0,1]𝑑  for log variance estimation where 𝑑  means latent dimensionality. To ensure training 

stability, we avoid direct prediction of the variance. Instead, we adopt the interpolation method 

from the improved diffusion model approach [22], using 𝑠 to compute the covariance matrix 

Σ𝜃 for 𝐳𝑡−1 as follows: 

Σ𝜃(𝐳𝑡, 𝑡, 𝐜) = exp(𝑠 ⋅ log(𝛽𝑡) + (1 − 𝑠) log 𝛽. (7) 

This interpolation occurs between an upper bound, the forward process variance 𝛽𝑡𝐈, and a 

lower bound, the posterior variance 𝛽𝑡𝐈, where 𝛽 =
1−𝛼̅𝑡−1

1−𝛼̅𝑡
𝛽𝑡. By constraining the predicted 

variance within this stable range, this technique prevents the numerical issues associated with 

learning the variance directly. 

At each reverse time step, 𝐳𝑡−1 is sampled from the predicted Gaussian distribution that is 

composed with 𝜇𝜃  and log Σ𝜃 . After 𝑇  denoising steps, the final latent representation 𝐳̂0  is 

decoded by the pretrained VAE decoder to reconstruct the perturbed GE profile 𝐱̂. 

The diffusion model is trained to predict both the mean and log-variance of the reverse 

distribution 𝑝𝜃(𝐳𝑡−1|𝐳𝑡 , 𝐜). Given the true posterior from the forward process, we employ the 

negative log-likelihood (NLL) of a Gaussian distribution. For a predicted Gaussian distribution 

with mean 𝜇𝜃 and log-variance log Σ𝜃, the negative log-likelihood of the target 𝐳𝑡−1 is: 

ℒ𝑣𝑎𝑟 =
1

2
𝔼 [

1

Σ𝜃
⊙ (𝐳𝑡−1 − 𝜇𝜃)2 + log Σ𝜃], (8) 

where ⊙ denotes element-wise multiplication. 

This objective can be interpreted as the sum of two complementary components. The first is 

a precision weighted mean squared error, which penalizes prediction errors more strongly when 

the model assigns low variance, thereby encouraging accurate reconstructions under confident 

predictions. The second is a variance regularization term, represented by log Σ𝜃 , which 

discourages collapse to near-zero variance, thereby preventing overconfident estimates. 

The target 𝐳𝑡−1  is obtained from the forward process. Given 𝐳0  and sampled noise 

𝜖𝑡~𝒩(0, 𝐈) , we compute 𝐳𝑡  and then derive the corresponding 𝐳𝑡−1  using the 

reparameterization:  

𝐳𝑡−1 =
√𝛼̅𝑡−1𝛽𝑡

1 − 𝛼̅𝑡
𝑧0 +

√𝛼𝑡(1 − 𝛼̅𝑡−1)

1 − 𝛼̅𝑡
𝐳𝑡 + √𝛽𝑡𝜖𝑡−1. (9) 

The overall training objective is: 



ℒ𝑡𝑜𝑡𝑎𝑙 = 𝔼𝑡,𝑧0,𝜖[ℒ𝑣𝑎𝑟(𝑡)], (10) 

where timesteps are sampled uniformly, 𝑡 ∼ 𝒰(1, 𝑇). This variational loss drives the model to 

learn both accurate mean predictions which are essential for stable and high-fidelity generation. 

 

2.5 Performance evaluation 

2.5.1 Variational Autoencoder Evaluation 

The performance of the VAE is critical for the stable and efficient training of the diffusion 

model. Since the VAE’s decoder is used to reconstruct the final predicted GE profile 𝐱̂ from the 

denoised latent representation 𝐳̂0 , its reconstruction fidelity determines the practical upper 

bound for the overall predictive performance of our framework. Therefore, we evaluated the 

reconstruction quality of VAE using Pearson correlation coefficient (PCC) and R2 score 

between the input and reconstructed GE vectors. 

To ensure an accurate assessment of generalization, we employed a compound-based split 

guided by the SMILES string of drugs, thereby preventing any overlap of drugs across the three 

subsets. To achieve a robust and unbiased evaluation, we first extracted 20% of entire dataset 

for the fixed test set. Then, we performed five-fold cross-validation on the remaining 80% data 

pool. As a result, the test set remained constant for all five folds, while the 80% pool was 

iteratively divided into distinct training and validation sets for model training. 

2.5.2 Diffusion Model Evaluation 

The generation performance of diffusion model was evaluated using the root mean squared 

error (RMSE), PCC and R2 score by comparing the predicted GE profiles with ground truth 

(GT), which means the perturbed GE profiles data from LINCS L1000. This predictive 

accuracy was benchmarked against the existing baseline models, PRnet [11] and PertDiT [21].  

To strictly evaluate the model’s generalization ability under unseen perturbation conditions, 

we adopted a compound-based data splitting strategy consistent with that described in Section 

2.5.1. The dataset was divided into training, validation, and test sets at a 6:2:2 ratio, using the 

SMILES strings of drugs to ensure that no compound appeared in more than one subset. This 

evaluation protocol enables an objective assessment of the model’s robustness and its capacity 

to predict transcriptomic responses for previously unseen drugs. 

2.5.3 Gene–gene Expression Capturing Evaluation 

An important aspect of transcriptomic modeling is the ability to reproduce the correlation 

structure among genes, as gene–gene interactions underlie regulatory networks and biological 

processes. To assess this capability, we compared the predicted correlation patterns from the 

proposed model and the baseline models against the GT, which is defined as the correlation 

structure observed in the perturbed GE profiles data from LINCS L1000.  

For qualitative assessment, we first identified the set of top 30 most strongly correlated genes 

ranked by absolute correlation magnitude as determined by GT. We then visualized the pairwise 



correlations of selected genes using heatmaps. Furthermore, we examined the overlap among 

the sets of these highly correlated genes, as identified by the proposed model, the baseline 

models, and the GT. 

2.5.4 Biological Relevance Evaluation 

To further explore the practical utility of our model in drug discovery, we evaluated whether 

the generated GE profiles could be leveraged to improve the prediction of drug sensitivity. 

Specifically, we focused on the IC50 as a representative pharmacological endpoint. 

We obtained IC50 values, which correspond to specific compound, cell line, dose, and time 

conditions from the GDSC2 [31] database by downloading the fitted dose–response 

descriptions. For conditions with multiple IC50 entries corresponding to the same compound, 

cell line, dose, and time, duplicates were removed. We retained only those IC50 measurements 

corresponding to cell lines with available basal GE profiles in the LINCS L1000 dataset, 

resulting in a total of 3,457 IC50 values. For each of these conditions, perturbed GE profiles 

were generated using either baseline models or the proposed model. 

To predict IC50 values, we constructed a downstream regression model, utilizing a MLP 

architecture. The input to this model consisted of a concatenated vector of the generated 

perturbed GE and the corresponding compound embeddings extracted by Molformer [29]. The 

perturbed GE profiles were normalized using a standard scaler fitted exclusively on the training 

data, which was then consistently applied to the validation and test sets to prevent data leakage. 

The IC50 prediction dataset was split randomly into training, validation, and test sets in an 8:1:1 

ratio. The regression model was trained by minimizing the mean squared error (MSE) loss 

function. This setup allowed us to quantify the increase in predictive performance achieved 

when using GE profiles generated by our model compared to the baseline models. 

 

3. Results 

3.1 Model performance and generalization ability 

We first assessed the performance of the VAE, which serves as the foundation for constructing 

a biologically meaningful latent space. The VAE demonstrated highly stable reconstruction of 

perturbed GE profiles, achieving a PCC of 0.956± 0.000 and an R2 score of 0.914± 0.001 

between the input and reconstructed expression vectors. These results indicate that the VAE 

effectively captures the intrinsic structure of transcriptomic data. Consequently, the learned 

latent representation provides a robust basis for subsequent diffusion training, minimizing 

information loss and ensuring the reliability of generated GE from the diffusion model. 

Using the latent representations learned by the VAE, we next evaluated the performance of 

the diffusion model in reconstructing perturbed GE profiles under unseen perturbation 

conditions. As shown in Table 1, the diffusion model achieved the lowest reconstruction error 

and the highest correlation with the GT profiles compared to the other methods. Our model 

recorded an RMSE of 1.340, a PCC of 0.832, and an R2 score of 0.669. These values were 

slightly higher than those obtained by PertDiT, which had an RMSE of 1.370, a PCC of 0.830, 

and an R2 score of 0.665. Compared with PRnet, which showed an RMSE of 1.726, a PCC of 



0.751, and an R2 score of 0.437, our model exhibited a marked improvement in both prediction 

accuracy and GE pattern consistency.  

Because the model takes molecular feature vectors derived from SMILES representations as 

input, it can generate GE profiles for previously unseen compounds based on their chemical 

structures. This capability enables the model to infer plausible transcriptional responses 

without requiring prior exposure to a given compound during training. 

These results collectively demonstrate that the proposed diffusion model can robustly 

reconstruct GE patterns and generalize beyond the compounds observed during training. 

 

Table 1. GE reconstruction performance of baseline models and proposed model. 

Model RMSE PCC R2 score 

PRnet [11] 1.726 0.751 0.437 

PertDiT [21] 1.370 0.830 0.665 

Proposed model 1.340 0.832 0.669 

 

3.2 Gene−Gene Correlation Capturing 

The preservation of the underlying gene–gene correlation structure is critical, as these 

interactions are fundamental to biological processes and regulatory networks. The proposed 

diffusion-based model demonstrated a substantial advantage over the baseline models in 

faithfully reproducing this structure across both global and local metrics. 

The qualitative assessment of predicted correlation patterns revealed superior fidelity of the 

proposed model. We visualized pairwise correlations among the top 30 genes ranked by 

absolute magnitude in the GT. These heatmaps illustrated that the proposed model reproduced 

the overall correlation structures more faithfully than baseline models (Fig. 3). 

 

 

Fig. 3. Gene−gene correlation heatmaps of top 30 correlated genes. Heatmaps are shown for 

PRnet, PertDiT, the proposed model, and the GT. The top 30 genes were selected separately in 

GT, and pairwise correlation patterns among these genes are compared. 

 



Crucially, the sets of highly correlated genes identified by the proposed model showed 

significantly stronger structural agreement with the GT. Specifically, 12 of the top 30 genes 

identified by the proposed model overlapped with those found in the GT, whereas PRnet only 

achieved an overlap of 3 genes with the GT and 2 genes for PertDiT. These results highlight 

the proposed model’s superior ability to preserve gene–gene correlations. 

These results demonstrate that the proposed diffusion-based model not only achieves superior 

reconstruction accuracy but also robustly preserves the underlying gene–gene correlation 

structure. This robust preservation is crucial for generating biologically faithful transcriptomic 

profiles. 

 

3.3 Potential applications in drug discovery 

We evaluated whether the GE profiles generated by the proposed model could improve 

downstream pharmacological predictions, specifically IC50 estimation. As shown in Table 2, 

the IC50 regression model trained on GE profiles generated by the proposed model achieved 

the best predictive performance, with an RMSE of 1.335, and an R2 score of 0.819. In 

comparison, the models using profiles from PertDiT and PRnet obtained RMSE values of 1.405 

and 1.591, and R2 score of 0.800 and 0.743, respectively. This improvement indicates that our 

model preserves biologically relevant gene–gene correlations that influence drug sensitivity 

[32], thereby enhancing the predictive power of downstream pharmacological tasks. 

Beyond these quantitative improvements, the ability to predict IC50 directly from 

computationally generated transcriptional responses highlights the model’s potential for virtual 

screening and drug repurposing. Unlike experimental perturbation assays, which are time-

consuming and costly, our generative approach provides a scalable framework for estimating 

cellular responses across untested compound–cell line combinations. The generated GE 

profiles can serve as reliable substitutes for experimentally measured perturbation data, 

significantly reducing the time and cost required for large-scale drug evaluation. These findings 

demonstrate the potential of the proposed model as a practical tool for accelerating drug 

discovery and precision medicine. 

 

Table 2. Comparison of IC50 prediction performance using perturbed GE profiles generated 

by baseline models and the proposed model. 

Model RMSE R2 score 

PRnet [11] 1.591 0.743 

PertDiT [21] 1.405 0.800 

Proposed model 1.335 0.819 

 

4. Discussion 

In this study, we developed an LDM framework for predicting drug-perturbed GE profiles. 



The proposed model demonstrated strong generalization ability under unseen perturbation 

conditions, robustly captured gene–gene correlation structures and improved the prediction of 

pharmacological responses such as IC50 when compared with existing approaches such as 

PRnet and PertDiT. These findings underscore the potential of diffusion-based generative 

modeling as a effective tool for advancing transcriptomic prediction and drug discovery. 

Our results contribute to a growing body of research applying generative deep learning models 

to systems biology. Previous encoder–decoder or GAN-based approaches have shown promise 

in modeling drug perturbations but often failed to fully capture gene–gene dependencies, 

limiting their biological interpretability. By contrast, diffusion models explicitly learn the joint 

distribution of GE vectors through a probabilistic denoising process, which enables the 

recovery of gene–gene interactions. This highlights the advantage of the diffusion paradigm in 

faithfully preserving transcriptomic structure. 

Importantly, the ability of the proposed model to enhance IC50 prediction demonstrates its 

utility for downstream pharmacological applications. While profiles sampled by baseline 

models provided some predictive value, our diffusion-based model yielded more accurate and 

stable IC50 estimates, suggesting that biologically consistent gene–gene correlations translate 

into improved performance in real-world drug sensitivity tasks. This finding aligns with recent 

studies emphasizing the importance of accurate representation of cellular states for 

pharmacogenomic prediction. 

Despite these strengths, several limitations should be acknowledged. First, the study relied on 

LINCS L1000 landmark genes, which, although widely used, capture only a subset of the 

transcriptome; extending this framework to whole-transcriptome data would broaden its 

applicability. Second, while our model incorporated basal GE, compound features, dose, and 

time, other cellular context factors such as epigenetic modifications, pathway activity, or 

microenvironmental cues were not considered. Incorporating such multimodal information 

may further enhance predictive performance. Third, although our evaluation demonstrated 

generalization to unseen compounds, the scope of external validation remains limited to 

GDSC2 IC50 data; broader pharmacogenomic benchmarks and prospective experimental 

validation are needed to confirm translational utility. 

In summary, our work demonstrates that diffusion models can overcome key limitations of 

previous approaches by providing biologically faithful and generalizable predictions of 

perturbed GE. At the same time, it opens new directions for integrating generative models into 

pharmacogenomic pipelines, while highlighting areas where further methodological and 

experimental refinement are required. 

 

5. Conclusions 

In this work, we introduced a latent diffusion model framework for predicting drug-perturbed 

GE. By combining a variational autoencoder for latent space construction with a diffusion 

process that jointly models mean and variance, the proposed approach achieved stable learning 

and robust generalization. Our results demonstrate that the model not only reproduces the 

gene–gene correlation structure of real data more faithfully than prior methods such as PRnet 



and PertDiT, but also provides biologically consistent representations that enhance downstream 

applications such as IC50 prediction. 

These findings highlight the potential of diffusion-based generative models as versatile tools 

for drug discovery and precision medicine. By enabling more accurate modeling of cellular 

responses to chemical perturbations, the proposed framework may facilitate improved drug 

sensitivity prediction, inform mechanism-of-action studies, and support the prioritization of 

candidate compounds. Future extensions incorporating multimodal cellular features and 

broader experimental validation could further strengthen the translational impact of this 

approach. 
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