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Abstract 

Precise prediction of perturbation responses is essential in systems biology research, 

as it plays a pivotal role in characterizing cellular identities and elucidating the 

regulatory mechanisms of biological pathways. Existing perturbation-responses 

prediction approaches are predominantly confined to single-modality transcriptomic 

data, limiting their capacity to capture cross-layer molecular effects. Here, we present 

MultiPert, a deep learning framework specifically designed for predicting perturba-

tion responses in single-cell multi-omics data. MultiPert employs modality-specific 

encoders with dedicated pretraining, integrates perturbation through a dual-attention 

mechanism, and achieves cross-modal alignment via adversarial training. Bench-

marking on human THP-1 and kidney multi-omics datasets demonstrates that Multi-

Pert reliably predicts both perturbed gene expression and protein abundance profiles, 

achieving superior accuracy and stability compared to state-of-the-art strategies. Mul-

tiPert generalizes to unseen perturbations and uncovers regulatory mechanisms of 

immune checkpoint molecules based on perturbed proteomic predictions. In addition, 

enrichment analyses of perturbed transcriptomic predictions reveal immune-related 

pathways. By providing an integrated and interpretable framework, MultiPert expands 

the scope of perturbation modeling at the multi-omics level, thereby offering a robust 

methodological foundation for comprehensive research into pathogenesis and drug 

discovery.

Author summary

In systems biology research, accurately predicting how cells respond to  
perturbations—such as gene knockout or drug intervention—is crucial for under-
standing cell identities and the regulatory mechanisms of biological pathways. 
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However, most existing methods only support scRNA-seq data and cannot cap-
ture perturbation effects from single-cell multi-omics data. To address this limita-
tion, we developed MultiPert to predict perturbation responses while integrating 
single-cell multi-omics data. It uses dedicated encoders for different molecular 
layers to capture unique biological signals, aligns multi-omics data through ad-
versarial training, and fuses perturbation information via a dual attention mecha-
nism. Experiments on different tissues show that MultiPert outperforms existing 
methods in predicting gene expression and protein abundance. It can also 
predict unseen perturbations and uncover the regulatory mechanisms. We hope 
this work provides a more comprehensive tool for studying disease pathogen-
esis and drug discovery, making multi-omics-level perturbation research more 
accessible.

Introduction

Precise prediction of perturbation responses holds unparalleled significance in 
systems biology research. It serves not only as an essential approach to functionally 
characterize genes but also as a core method to elucidate regulatory mechanisms of 
biological pathways [1–3]. In disease pathogenesis studies, perturbation prediction 
enables in silico simulation of how disease-causing mutations or pharmacological 
interventions alter cellular states, thereby providing novel perspectives on the molec-
ular basis of disease initiation and progression [4–6]. At single-cell resolution, cells 
exhibit heterogeneity in their responses to perturbations, which correlates with drug 
resistance and cell fate determination. Conventional experimental approaches (e.g., 
CRISPR or RNAi) face inherent limitations in cost and throughput, restricting their 
capacity to interrogate complex combinatorial perturbations or dynamic processes 
[7–11]. Computational approaches leveraging single-cell data have thus emerged as 
pivotal tools for overcoming experimental barriers and accelerating perturbation stud-
ies [12–18]. By learning associations between perturbations and cellular states, these 
methods enable systematic modeling of cellular responses to perturbations, thereby 
advancing fundamental research including gene function and biological pathways, 
and empowering translational applications such as drug target discovery and person-
alized therapeutic design.

The proliferation of single-cell RNA sequencing (scRNA-seq) datasets has accel-
erated development of perturbation-response prediction tools including scGen, 
scPRAM, CPA, CoupleVAE, GEARS, and scGPT. scGen [17] employs variational 
autoencoders (VAE) with latent space arithmetic to predict transcriptomic responses 
generatively. CoupleVAE [18] employs two coupled VAEs that capture complex 
perturbation-induced state transitions through nonlinear mutual transformations in 
latent space. CPA [19] integrates covariates describing perturbations and cell types 
to linearly combine these with cellular embedding states, predicting responses under 
novel covariate combinations. scPRAM [20] aligns pre- and post-perturbation cell 
states using optimal transport theory coupled with attention mechanisms. Diverging 
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from VAE-based approaches, GEARS [16] incorporates prior knowledge through graph neural networks to capture  
higher-order gene interactions, excelling in complex perturbation scenarios. As a generative pre-trained foundation model 
in single-cell analysis, scGPT [21] employs stacked Transformer layers to support various downstream applications such 
as perturbation-response prediction. Critically, all these methods operate exclusively on scRNA-seq data and are con-
strained by single-modal information bottlenecks, making them inappropriate for the proliferating single-cell multi-omics 
perturbation-response prediction tasks.

Rapid experimental innovations are accelerating the generation of single-cell multi-omics perturbation datasets [1,22–25]. 
For instance, Papalexi et al. [23,26] employed ECCITE-seq, an enhanced CRISPR-compatible CITE-seq protocol, to inte-
grate pooled CRISPR screening with simultaneous single-cell mRNA and surface protein measurements, constructing 
a multimodal perturbation atlas spanning transcriptome and proteome. While transcriptomes capture intermediate gene 
expression states, proteomes serve as direct functional executors whose abundance and modifications dictate cellular phe-
notypes [27,28]. Consequently, single-cell multi-omics perturbation data reveal cascade effects of perturbations across gene 
expression and protein abundance. Integrating these complementary modalities enables precise reconstruction of molecular 
regulatory networks and uncovers cross-layer dependencies. The expanding landscape of such datasets now creates a 
pressing need for models natively designed for multimodal perturbation-response prediction [29–31].

Developing predictive models for multi-omics perturbation-response data presents unique computational challenges. 
First, modality alignment is essential because transcriptome and proteome capture cellular states at distinct molecular 
layers, and effective cross-modal integration is prerequisite for holistically portraying perturbation responses. Second, 
modality-specific feature engineering is required due to fundamental differences in data characteristics, demanding tai-
lored computational strategies for each datatype. Furthermore, models must quantify omics-specific perturbation effects—
where identical perturbations may elicit divergent transcriptomic versus proteomic responses—and reconstruct multimodal 
response profiles across biological layers.

To address these challenges, we developed MultiPert, a deep learning framework for predicting perturbation- 
responses single-cell multi-omics profiles. MultiPert implements differentiated data processing pipelines for transcriptome 
and proteome, leveraging modality-specific encoders with pretraining to capture distinct biological signals. It integrates 
prior knowledge-derived perturbation embeddings and during integrative training, achieves cross-modal alignment via 
adversarial networks and applies perturbations through a dual-attention mechanism. Extensive benchmarking on human 
THP-1 and kidney datasets demonstrates MultiPert’s superior performance in out-of-sample cell prediction and unseen 
perturbation inference. Through multi-omics joint analysis, MultiPert identifies response patterns of differentially expressed 
genes, reveals regulatory relationships of immune checkpoint molecules, and functionally enriches associated molecular 
pathways.

Materials and methods

Overview of the MultiPert model

MultiPert is a deep learning framework specialized for predicting perturbation responses of single-cell multi-omics 
data. Given control single-cell multi-omics profiles and target perturbations (Fig 1A), it predicts perturbed multi-omics 
states. MultiPert comprises four stages: preprocessing, pretraining, perturbation embedding extraction, and integrative 
training. The workflow begins with modality-specific preprocessing to generate normalized multi-omics profiles (Fig 
1B). These profiles subsequently initialize modality-specific encoders through pretraining: a zero-inflated negative 
binomial (ZINB) variational autoencoder for transcriptomics and a standard autoencoder for proteomics, with their 
encoder parameters transferred to the integrative training phase (Fig 1C). Perturbation embeddings are extracted 
from a Gene Ontology (GO)-based knowledge graph, providing prior biological knowledge that enables prediction of 
unseen perturbations (Fig 1D).
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Fig 1.  Overview of the MultiPert model. (A) Problem formulation: given control multi-omics profiles and applied perturbation, predict the perturbed 
multi-omics profiles. Image adapted from Scott and Morris (Wikimedia Commons), licensed under CC BY 4.0. (B) MultiPert preprocesses the data of 
each modality using the corresponding customary strategies. (C) MultiPert pretrains the encoders in a modality-specific manner. For transcriptome- 
specific encoder, a Variational Autoencoder (VAE) is employed based on the normalized transcriptomic profiles. For proteome-specific encoder, an 
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During integrative training (Fig 1E), normalized multi-omics profiles and perturbation embeddings are processed 
through core architecture consisting of: modality-specific encoders, a shared encoder, an adversarial network, and  
modality-specific decoders. To capture distinct biological representations, where transcriptome reflects transcriptional 
activity and proteome represents functional gene products, modality-specific encoders extract unique cellular features. 
Concurrently, the shared encoder learns cross-modal information from both omics. Shared embeddings from transcrip-
tome and proteome are aligned via the adversarial network and fused through a multilayer perceptron. Perturbation 
embeddings are processed by modality-specific encoders to model layer-specific molecular responses. Modality-specific 
cell embeddings and fused embeddings are concatenated, then integrated with specific perturbation embeddings through 
a dual attention network to derive perturbed cell states. These states are ultimately decoded by modality-specific decoders 
to generate the perturbed multi-omics profiles. While predicting multi-omics perturbation responses, MultiPert also sup-
ports further analytical tasks, including cross-omics alignment, identifying the perturbation-induced expression changes, 
and revealing regulatory mechanisms (Fig 1F).

Preprocessing for multi-omics profiles

Raw transcriptomic reads typically exhibit high sparsity and dimensionality, hindering effective learning of cellular expres-
sion patterns. We therefore implemented standardized preprocessing pipelines. For transcriptome, genes expressed in 
fewer than 10 cells were excluded to reduce noise and focus on widely expressed genes. Counts per cell were normalized 
to 10,000 total reads, subjected to log1p transformation (log

(
count + 1

)
), and the top 5,000 highly variable genes (HVGs) 

were selected to form normalized profiles. For proteome, cellular counts were normalized to 10,000 total reads followed 
by identical log1p transformation to generate normalized profiles.

Pretraining of modality-specific autoencoders

Pretraining of modality-specific encoders was conducted to learn latent representations that capture the intrinsic statistical 
properties of single-cell RNA sequencing (scRNA-seq) and antibody-derived tag (ADT) data, providing a robust initializa-
tion for subsequent integrative modeling. This step focused on encoding modality-specific biological variation using control 
cells, ensuring that baseline patterns—such as gene expression dynamics in RNA and protein abundance relationships in 
ADT—were preserved.

For scRNA-seq data, which is characterized by sparsity and overdispersion, a zero-inflated negative binomial varia-
tional autoencoder (ZINB-VAE) was employed by MultiPert [32]. The encoder maps normalized gene expression profiles 
x ∈ RdRNA

≥0  (where dRNA is the number of genes) to a latent distribution q(z|x) = N (µz, diag(σ2z )), where µz ∈ R32 and σ2z ∈ R32
>0 

represent the mean and variance of the 32-dimensional latent space, respectively. Latent samples z are generated via a 
reparameterization trick as z = µz + ϵ⊙ σz (with ϵ ∼ N (0, I) and ⊙ denotes element-wise multiplication), allowing gradient 
propagation through the stochastic sampling step during training. The encoder architecture is formulated as follows:

	 h = ReLU
(
Linear

(
x
))

	 (1)

	 µz = Linear
(
h
)
	 (2)

Autoencoder (AE) is employed based on the normalized proteomics profiles. MultiPert then performs integrative training based on the pretrained 
parameters. (D) MultiPert extracts perturbation embeddings from a Gene Ontology (GO)-derived knowledge graph. (E) MultiPert performs integrated 
training using normalized multi-omics profiles and perturbation embeddings as input, mainly comprising modules such as omics-specific encoders, 
shared encoders, adversarial networks, and dual attention networks. (F) Multiplart supports a series of tasks while predicting multi-omics perturbation 
responses.

https://doi.org/10.1371/journal.pcbi.1014054.g001

https://doi.org/10.1371/journal.pcbi.1014054.g001
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log

(
σ2z

)
= Linear

(
h
)
	 (3)

The decoder of the ZINB-VAE parameterizes the conditional distribution p(x|z) as a zero-inflated negative binomial (ZINB) 
distribution. This distribution is characterized by three parameters derived from z: mean expression µ ∈ RdRNA

>0 , dispersion 
θ ∈ RdRNA

>0 , and dropout probability π ∈ [0, 1]dRNA. The decoder architecture is formulated as follows:

	 h′ = ReLU
(
Linear

(
z
))

	 (4)

	 µ = Linear
(
h′
)
	 (5)

	 θ = exp
(
Linear

(
h′
))

	 (6)

	 π = σ
(
Linear

(
h′
))

	 (7)

where σ(·) denotes the sigmoid function. The Linear function represents a single-layer linear network, but the input and 
output dimensions differ in Eqs 1–7.

The ZINB-VAE is trained by minimizing a composite loss function that combines the negative log-likelihood of the data 
under the ZINB model and the Kullback-Leibler (KL) divergence. Formally, this loss is:

	 LRNA = Eq(z|x)
[
– log p(x|z)

]
+ KL(q(z|x)∥p(z))	 (8)

	

p
(
xi|z

)
=




πi +
(
1 – πi

)
pNB

(
0|µi, θi

)
, xi = 0(

1 – πi
)
pNB

(
xi|µi, θi

)
, otherwise

	 (9)

where pNB is the probability mass function of the negative binomial distribution parameterized by mean µi and dispersion θi .
For ADT data, a typical autoencoder was used. This model includes an encoder mapping protein abundance y ∈ RdADT

≥0  
(where dADT is the number of proteins) to a 32-dimensional latent space z ∈ R32, and a decoder reconstructing y from z. 
Training minimized the mean squared error (MSE) between input and reconstruction:

	
LADT =

1
dADT

∥y – ŷ∥22
	 (10)

where ŷ  denotes the reconstructed protein abundance. All models were trained using the Adam optimizer for 10 epochs, 
with pretrained weights saved to initialize modality-specific encoders in subsequent integrative training. This step ensured 
that modality-specific biological signals were preserved in the latent representations, providing a stable foundation for 
cross-omics integration.

Perturbation embedding extraction

MultiPert constructs unique perturbation embeddings from the Gene Ontology (GO) knowledge graph [33]. This approach 
associates discrete gene perturbations with the system functional network, helping the model understand the biological 
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significance of perturbations. Additionally, the topological structure of graph supports the transfer of known perturbations 
to unknown ones through functional similarity, enhancing the model’s prediction ability for unseen perturbations.

A bipartite graph connecting genes to GO terms was first established. Gene-gene functional similarity was computed 
using the Jaccard index of shared GO terms, with top-K (K = 20) most similar genes forming edges in the perturbation 
graph Gpert. Learnable embeddings initialized for all perturbations were refined via a graph neural network (GNN) that 
aggregated neighbor representations. Given GEARS’ prior validation of GO knowledge graph for perturbation prediction, 
we directly adopted their pre-trained embeddings to initialize MultiPert’s perturbation representations [16].

Integrative training

The integrative training aims to combine modality-specific biological patterns, cross-modal shared features, and pertur-
bation information to predict perturbation-induced changes in RNA and ADT expression. This process integrated multiple 
components to model both baseline cellular states and the effects of perturbations.

The training system comprised two core components: a generator and a discriminator. The generator processes nor-
malized multi-omics profiles through a hierarchical encoder-decoder architecture. Modality-specific encoders which are 
initialized from pretrained weights, extract unique biological signatures from transcriptomic and proteomic inputs, generat-
ing specific cellular embeddings (ztc, z

p
c). Simultaneously, a shared encoder projects both modalities into a common latent 

space to enable cross-modal alignment (ztd, z
p
d). c and d represent cell embeddings generated by the modality-specific 

encoder and shared encoder, respectively. ztd and zpd are fused into a unified embedding (zf ) via a fusion network, formu-
lated as:

	 zf =W2 · ReLU
(
W1 ·

[
ztd | z

p
d

]
+ b1

)
+ b2	 (11)

where W1 and W2 are weight matrices, b1 and b2 are bias vectors, and 
[
|
]
 denotes concatenation. Separately, perturbation 

embeddings (p) are transformed into modality-adapted forms through dedicated encoders (ptc, p
p
c). Then, a dual-attention 

mechanism integrates cell embeddings and perturbation embeddings to derive the perturbed cellular states.
The dual-attention mechanism integrates cell embeddings and perturbation embeddings through two sequential atten-

tion steps. First, cross-attention integrates information from them using multi-head attention and produces a intermediate 
representation attn, where MultiHeadAttn splits the inputs into 4 heads, computes scaled dot-product attention for each, 
and concatenates the results along the feature dimension. Second, channel attention learns adaptive weights for each 
feature dimension by aggregating global statistics via average pooling. The above process is formalized as follows:

	 attn = MultiHeadAttn
(
Query, Key, Value

)
	 (12)

	 w = σ
(
W4 · ReLU

(
W3 · avgpool

(
attn

)))
	 (13)

	 z = attn⊙ w 	 (14)

where ⊙ denotes element-wise multiplication. For transcriptome, Query =
[
ztc|zf

]
, Key and Value refer to ptc, z in Formula 14 

represents zt. For proteome, Query =
[
zpc |zf

]
, Key and Value refer to ppc, z in Formula 14 represents zp. Finally, modality- 

specific decoders reconstruct perturbation-induced gene expression from the perturbed cellular states corresponding to 
transcriptome (zt), and reconstruct perturbation-induced protein abundance from the perturbed cellular states correspond-
ing to proteome (zp). Among them, the shared encoder, perturbation encoder, and decoder are all composed of a two-layer 
linear network with ReLU activation. The discriminator is a network tasked with distinguishing the modality origin of shared 
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features, encouraging the generator to learn modality-agnostic representations and align modalities. It took shared features 
as input and output a probability score via:

	 D
(
zd
)
= σ

(
Wdisc

2 ·
(
Wdisc

1 · zd + bdisc1

)
+ bdisc2

)
	 (15)

Training proceeded in epochs, with alternating updates to the generator and discriminator, followed by validation to mon-
itor performance. For each batch of control data (xt, xp), perturbed data (yt, yp), and perturbation embeddings (p), the 
generator processed inputs through its components to produce ŷt, ŷp.

Loss calculation combined reconstruction and adversarial components to balance predictive accuracy and cross-
modal alignment. The reconstruction loss is computed as the sum of mean squared errors (MSE) between predicted and 
observed perturbed multi-omics profiles:

	 Lrecon = ∥ŷt – yt∥22 + ∥ŷp – yp∥22	 (16)

The discriminator is trained by binary cross-entropy (BCE) to classify shared features as transcriptome-derived (label = 1) 
or proteome-derived (label = 0):

	 Ldisc = BCE
(
D
(
ztd
)
, 1

)
+ BCE

(
D
(
zpd
)
, 0

)
	 (17)

Conversely, the generator is trained to confuse the discriminator, with loss:

	 Lconf = BCE
(
D
(
ztd
)
, 0.5

)
+ BCE

(
D
(
zpd
)
, 0.5

)
	 (18)

The total generator loss combines these components:

	 Lgen = Lrecon + Lconf 	 (19)

where Lrecon concentrates on enhancing the model’s ability for recovering the perturbed multi-omics profiles, and Lconf 
emphasizes multi-modality alignment and multi-omics data integration.

The adversarial training employed a two-phase update cycle to harmonize discriminator-generator dynamics. During 
the discriminator phase, all generator parameters were frozen while the discriminator minimized its objective (Ldisc), 
refining its capacity to distinguish the data source of shared embeddings. Subsequently, the generator phase froze dis-
criminator parameters and minimized the composite loss (Lgen). The discriminator and generator adopt asymmetric Adam 
optimization, and set the learning rate to 0.002 and 0.001 respectively. The training ran for up to 1000 epochs, with an 
early stopping mechanism based on validation loss. The model is implemented in PyTorch 2.0, running on Python 3.9 with 
CUDA 11.7 on an NVIDIA A100 GPU for training and evaluation.

Datasets

To comprehensively evaluate the multi-omics perturbation-response prediction performance of MultiPert in different 
biological contexts, we collected gene perturbation datasets obtained from different tissues and techniques. The THP-1 
dataset was generated by Papalexi et al. [23] using ECCITE-seq technology in the acute myeloid leukemia (AML) cell line 
THP-1, providing simultaneous transcriptomic and proteomic measurements. The dataset comprises 8,984 cells, profiling 
16,826 genes and 4 proteins, and includes 10 single-gene knockout perturbation experiments. The perturbation conditions 
containing less than 10 cells were removed, so the following evaluations involved 9 perturbations. Furthermore, the kidney 
dataset was generated via CaRPool-seq technology [34], which co-profiles transcriptomic and proteomic responses to 7 
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perturbations in human epithelial embryonic kidney cells. This dataset comprises 8,802 cells, profiling 20,639 genes and 7 
proteins. The transcriptome–epigenome dataset was generated by 10x Genomics Multiome and an epigenome–proteome 
dataset was generated by ASAP-seq technology, where perturbation was induced by 16-hour IL2 and anti-CD3/CD28 
incubation [35].

Evaluation metrics

To comprehensively evaluate the performance of MultiPert for single-cell multi-omics perturbation-response prediction, we 
employed complementary quantitative metrics. The Mean Squared Error (MSE) measures the average squared difference 
between predicted and ground truth expression values, providing a fundamental assessment of reconstruction fidelity:

	
MSE =

1
n

n∑
i=1

(
yi – ŷi

)2
	 (20)

where yi represents the true expression value, ŷi denotes the predicted value, and n is the number of cells. The Pearson 
Correlation Coefficient (PCC) quantifies the linear relationship between predicted and true expression profiles across cell 
populations:

	

PCC =

∑n
i=1

(
yi – ȳ

) (
ŷi – ¯̂y

)

√∑n
i=1

(
yi – ȳ

)2
√∑n

i=1

(
ŷi – ¯̂y

)2
	 (21)

Results

Performance comparison with state-of-the-art methods

Owing to the absence of dedicated multi-omics methods, we benchmarked MultiPert against representative scRNA-seq-
based perturbation prediction models, including the VAE-based model (scGen [17]), compositional perturbation  
autoencoder-based model (CPA [19]), optimal transport-based model (scPRAM [20]), and pretrained large-scale single- 
cell model (scGPT [21]). For each perturbation in the THP-1 dataset, all cells were randomly partitioned into training, val-
idation, and test sets at a 3:1:1 ratio. For baseline methods dispensing with validation sets, cells were randomly split into 
training and test sets at a 4:1 ratio. Results shown in figures are derived from model predictions on test sets. Since base-
line methods lack multi-omics data integration capabilities, transcriptomic and proteomic data were processed as separate 
datasets to generate corresponding predictions. The scGPT framework is restricted to perturbation inference based on 
scRNA-seq data and thus cannot model proteomic perturbation experiments.

For transcriptome, Fig 2A (first row) displays MSE and PCC values between predicted and true expression across 
all genes. CoupleVAE, CPA, and MultiPert demonstrate superior performance compared to other methods. Specifically, 
MultiPert attains the lowest median MSE (0.09), and concurrently achieves the highest median PCC (0.78). Given that 
differentially expressed genes (DEGs) serve as primary mediators of a perturbation’s biological impact, their accurate 
prediction determines a model’s capacity to capture critical expression changes [36,37]. We thus leveraged Wilcoxon rank-
sum tests in Scanpy [38] to identify DEGs under distinct perturbations and spotlighted the methods’ performance for the top 
50 DEGs (Fig 2A second row). Compared to all-gene analyses, all methods exhibit increased MSE values which confirms 
heightened sensitivity of DEGs to perturbations relative to other genes. In terms of PCC, both scGPT and MultiPert demon-
strate greater stability than other methods, though scGPT yields a low median PCC value. Against benchmarks, MultiPert 
achieves the lowest median MSE (0.37) and highest median PCC (0.88), representing 7% and 2% improvements over 
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Fig 2.  Comprehensive evaluation for single-cell perturbation prediction. (A) Box plots of MSE and PCC values for all genes and top 50 DEGs. 
Scatters represent different perturbations. (B) Comparison of scatter plots for predicted and true gene expression values under MARCH8 perturbation. 
Each point represents the average expression level of a gene across all cells. The horizontal axis shows the prediction results of different methods, and 
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the runners-up. Collectively, these results indicate that MultiPert not only accurately reconstructs global gene expression 
patterns but also effectively captures perturbation-induced differential expression features. While overall performance was 
benchmarked across perturbations, we further dissected method behavior under identical perturbations. Illustrating the 
MARCH8 perturbation (gene knockout of MARCH8), Fig 2B visualizes expression changes in DEGs by jointly plotting con-
trol and perturbed cells. MultiPert achieves alignment between predictions and true data along the diagonal (PCC = 0.89), 
representing an 11% improvement over control samples and outperforming all comparators. Subsequently, Fig 2C visual-
izes directional expression shifts for the top 20 DEGs, confirming that MultiPert accurately predicts perturbation-induced 
directions in gene expression. The results corresponding to other perturbations are shown in S1 and S2 Figs.

For proteome, MultiPert achieves optimal performance with the lowest median MSE (0.07) and highest median PCC 
(0.79) among all methods (Fig 2D). It also demonstrated superior stability, exhibiting the narrowest interquartile ranges 
(IQR: 0.02 for MSE, 0.08 for PCC). Full IQR comparisons across all benchmarks are detailed in S3 Fig. Specific to individ-
ual perturbations, Fig 2E and S4 Fig illustrate the ability of MultiPert to precisely reveal the direction of protein abundance 
changes. Fig 2F further compares the ability of MultiPert and other methods to reflect changes in protein abundance. 
While scGen and MultiPert yield predictions closest to the truth, scGen incorrectly predicts the upregulation of CD366 as a 
downregulation. When considering the average effect across all proteins, MultiPert correctly reflects the overall downreg-
ulation trend observed in the ground truth, with a magnitude that most closely matches the experimental measurements. 
This indicates that MultiPert not only recovers protein-level trends more accurately but also outperforms other methods in 
overall evaluation.

To evaluate MultiPert across tissues and technologies, we benchmarked it on the kidney dataset generated via  
CaRPool-seq technology [34]. Mean performance metrics are summarized in Fig 2G (detailed values: S5 Fig). MultiPert 
achieved top performance in all metrics except PCC in DEGs, with a proteomic PCC of 0.98. We further benchmarked 
MultiPert on two additional human peripheral blood mononuclear cells (PBMC) multi-omics datasets from Mimitou et al. 
[35], including a transcriptome–epigenome dataset generated with 10x Genomics Multiome and an epigenome–proteome 
dataset generated with ASAP-seq technology, where perturbation was induced by 16-hour IL2 and anti-CD3/CD28 incuba-
tion. The results are summarized in S1 and S2 Tables. These results demonstrate MultiPert’s ability to integrate multi- 
omics data and its broad applicability across tissues in perturbation prediction.

Interpretability analysis of MultiPert’s modular components

We assessed the efficacy of MultiPert’s adversarial network, specific encoders, and shared encoder using the THP-1 
dataset. Fig 3A (first panel) visualizes baseline UMAP embeddings of raw expression profiles, where transcriptomic and 
proteomic cells showed distinct spatial distributions with limited overlap. The second panel presents omics-specific embed-
dings from MultiPert, revealing mutually exclusive clustering that verifies the encoders’ capacity to isolate molecular-layer 
signatures. The third panel depicts omics-shared embeddings, demonstrating an intermingled distribution that confirms the 
adversarial network and shared encoder successfully aligned cross-modality features for multi-omics data integration.

We further analyzed training dynamics of omics-shared embeddings (Fig 3B). Population-level embeddings—averaged 
across all transcriptomic and proteomic cells—revealed pronounced modality divergence early in training. As epochs 

the vertical axis represents the true average expression level of genes. (C) Analysis of gene expression changes following perturbation of MARCH8. The 
plot compare predicted versus true expression changes for the top 20 DEGs. The horizontal dashed line indicates the null effect baseline. (D) Box plots 
of MSE and PCC values for all proteins. Scatters represent different perturbations. (E) Analysis of protein abundance changes following perturbation of 
MARCH8. (F) The heatmap of change in protein abundance over control. Red and blue indicate MARCH8 perturbation activates or suppresses protein 
expression, respectively. Each value represents the difference between the predicted or observed perturbed protein abundance and the protein abun-
dance in control samples. Mean represents the average value of all proteins. (G) Performance of methods on kidney dataset. The top three methods for 
each metric are highlighted. Color indicates ranking, and bar length represents the magnitude of the metric.

https://doi.org/10.1371/journal.pcbi.1014054.g002

https://doi.org/10.1371/journal.pcbi.1014054.g002
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Fig 3.  Interpretability analysis of omics embedding and perturbation embedding in MultiPert. (A) Scatter plots of cell from transcriptome and pro-
teome. The subgraphs are obtained via the UMAP algorithm based on true expression data, omics-specific embedding, and omics-shared embedding, 
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progressed, the embeddings progressively converged, achieving alignment by epoch 15. Both Maximum Mean Discrep-
ancy (MMD) [39] and Wasserstein distance [40] are commonly used metrics to measure the difference in distributions. 
MMD employs a linear kernel function to compute the mean distance between two probability distributions in the repro-
ducing kernel Hilbert space, while Wasserstein distance quantifies the minimum cost required to transform one distribution 
to another. Quantitative validation in Fig 3C used MMD and Wasserstein Distance, both exhibiting rapid initial decline fol-
lowed by a plateau after epoch 5. The rapid decrease of both MMD and Wasserstein distance in early epochs reflects the 
initial strong distributional discrepancy between transcriptomic and proteomic embeddings, which is quickly reduced by 
the shared encoder under adversarial alignment. As training proceeds, the embeddings from different modalities become 
progressively aligned in the shared latent space, resulting in diminishing improvements and a plateau in both metrics. 
Such a trajectory clearly captures cross-modality feature alignment during multi-omics data integration, enabled by Multi-
Pert’s shared encoder and adversarial network architecture.

MultiPert generates omics-specific perturbation embeddings via specific encoders, addressing potential cross-omics 
differential perturbation responses. Using the MARCH8 perturbation as a representative case, we extracted transcriptome-  
and proteome-specific perturbation embeddings for test cells, averaging population-level embeddings for visualization (Fig 
3D and 3E). Line plots reveal dimension-wise divergences between embeddings, which are further emphasized by heat-
map comparisons. Kernel Density Estimation (KDE) curves highlight global distributional differences. The x-axis values cor-
respond to the one-dimensional omics-specific perturbation embeddings, which are real-valued and can take both positive 
and negative values. These results demonstrate that specific encoders map the same perturbation to distinct latent spaces, 
optimizing their fusion with transcriptomic or proteomic states.

Ablation experiments of MultiPert’s modules

The mechanism for combining perturbation with cell embeddings in latent space is essential for inferring cellular response 
states. We investigated four combining strategies: addition (MultiPert-A), multiplication (MultiPert-M), concatenation 
(MultiPert-C), and a cross-attention mechanism (MultiPert-T; cell embeddings as Query, perturbation embeddings as Key/
Value). On the THP-1 dataset, MultiPert consistently surpassed all variants in transcriptomic predictions (Fig 4A and 4B), 
achieving lowest MSE and highest PCC across all perturbations. MultiPert-T ranked second, followed by MultiPert-A, 
-M, and -C—indicating that additive, multiplicative, and concatenative operations fail to capture complex perturbation 
responses. Proteomic predictions validated these findings with concordant results (Fig 4C).

MultiPert incorporates two pivotal architectural innovations: an adversarial network for cross-omics feature alignment 
and specific encoders generating omics-specific perturbation embeddings. To evaluate their contributions, we created 
ablation variants—MultiPert-WA (adversarial network removed) and MultiPert-WS (specific encoders replaced with a 
shared encoder)—and benchmarked them on the THP-1 dataset. For transcriptomic predictions (Fig 4D and 4E),  
MultiPert-WA outperformed MultiPert-WS, indicating that specific encoders better capture post-perturbation gene expres-
sion dynamics. Conversely, in proteomics (Fig 4F), MultiPert-WS surpassed MultiPert-WA, revealing the adversarial 
network’s critical role in optimizing protein abundance modeling. Crucially, the full MultiPert architecture achieved superior 
MSE and PCC metrics over both variants, collectively demonstrating the synergistic necessity of co-designing these com-
ponents for robust multi-omics perturbation prediction.

respectively. Each point corresponds to a cell. (B) Visualization of omics-specific embedding under epochs 0, 5, 10 and 15. The red and blue lines 
represent transcriptomic-specific embedding and proteomic-specific embedding, respectively. (C) Line graphs of MMD and Wassertein distance values 
along epochs. The specific values corresponding to epochs 0, 5, 10, and 15 are marked above the line. (D) Visualization of omics-specific perturbation 
embedding under MARCH8 perturbation. The heat map displays the differences in transcriptome-specific and proteome-specific perturbation embedding 
in each dimension. (E) The kernel density estimation plot of omics-specific perturbation embedding. The x-axis denotes the one-dimensional perturbation 
embedding value, and the y-axis indicates probability density.

https://doi.org/10.1371/journal.pcbi.1014054.g003

https://doi.org/10.1371/journal.pcbi.1014054.g003
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Fig 4.  Performance comparison of MultiPert and multiple variants. (A, B) The MSE and PCC values of MultiPert and its combination variants 
obtained on transcriptome for all genes and top 50 DEGs, respectively. The heat map shows the specific metrics for each framework in each perturba-
tion, while the box plot shows the overall metric distribution for all perturbations. (C) The MSE and PCC values of MultiPert and its combination variants 
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Generalization of MultiPert to unseen perturbation prediction

Existing single-cell methods excel at predicting perturbation responses for cells out of sample, lacking generalizability to 
unseen perturbations. Learning the relationship between cellular responses and perturbations from limited datasets, then 
extrapolating to novel perturbation scenarios, is critical for drug development and therapeutic target discovery. To evaluate 
this capability, we employed a leave-one-out cross-validation strategy across nine perturbations in the THP-1 dataset, with 
GEARS—a method specifically designed for novel perturbation prediction—as the baseline.

As shown in Fig 5A and 5B, MultiPert consistently achieved lower MSE and higher PCC than GEARS across all pertur-
bations, attributable to its integration of both transcriptomic and proteomic data. Since GEARS does not support proteomic 
perturbation prediction, Fig 5C demonstrates the PCC values of MultiPert on proteome, which are comparable to its tran-
scriptomic performance. These results establish MultiPert as a robust framework for multi-omics perturbation prediction 
while enabling reliable inference on unseen perturbations.

Uncovering regulatory mechanisms by MultiPert

As an inhibitory immune checkpoint molecule, PDL1 plays a pivotal role in balancing immune activation and suppres-
sion. Investigating its interactions is critical for understanding cancer immune evasion and developing immunotherapies 
[23,41,42]. Leveraging MultiPert’s predictions, Fig 5D visualizes perturbation-induced changes in PDL1 protein abundance 
relative to control cells. These changes reveal specific gene regulatory effects on PDL1 expression. Notably, MultiPert 
predicts that ATF2 knockout would lead to decreased PDL1 abundance, implying that ATF2 may act as a positive regu-
lator of PDL1. This prediction is consistent with previous findings demonstrating ATF2’s direct binding to the PDL1 pro-
moter [43]. Similarly, MultiPert predicts a reduction in PDL1 levels upon IRF7 knockout, corroborating its known role as a 
transcriptional activator [44]. Among nine single-gene knockout perturbations, predicted regulatory relationships between 
five genes with PDL1 were validated by literatures, while three genes were reported to associate with PDL1 expression 
[45–49]. These results demonstrate MultiPert’s capability to effectively uncover regulatory interactions, thereby facilitating 
mechanistic studies of immune checkpoint interactions.

Among all perturbations, MARCH8 knockout induced the most pronounced change in PDL1 abundance. For tran-
scriptomic predictions under MARCH8 perturbation, Fig 5F compares expression changes of the top 20 DEGs across 
ground truth, GEARS, and MultiPert predictions. MultiPert more accurately captured true expression changes than 
GEARS, particularly for genes including CYP1B1, CFD, CA2, and GCLM. Subsequent GO enrichment analysis of DEGs 
(Qvalue < 0.01) revealed the top 10 significantly enriched terms (Fig 5E), all associated with immune response, inflam-
matory regulation, and cellular defense mechanisms—providing insights into pathogenic mechanisms of acute myeloid 
leukemia and broader immunobiological processes.

Discussion

In this study, we developed MultiPert, the pioneer deep learning framework specifically designed for predicting single-cell 
multi-omics perturbation responses. Unlike existing methods that are limited to scRNA-seq profiles, MultiPert integrates 
transcriptomic and proteomic measurements, thereby overcoming the single-modality bottleneck that constrains current 
perturbation-response prediction. Through modality-specific encoders, adversarial alignment, and a dual-attention pertur-
bation mechanism, MultiPert achieves both high accuracy and strong generalizability.

obtained on proteome for all proteins. Bar plot is drawn based on the average value across all perturbations. (D, E) The MSE and PCC values of Multi-
Pert and its module variants obtained on transcriptome for all genes and top 50 DEGs, respectively. (F) The MSE and PCC values of MultiPert and its 
module variants obtained on proteome for all proteins.

https://doi.org/10.1371/journal.pcbi.1014054.g004

https://doi.org/10.1371/journal.pcbi.1014054.g004
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The benchmarking across THP-1 and kidney datasets highlights several key advantages of MultiPert. First, it con-
sistently outperforms leading methods, which demonstrates its ability to jointly model cross-layer perturbation effects. 
Second, MultiPert can generalize to unseen perturbations, a capability essential for therapeutic discovery where experi-
mental screening is inherently incomplete. Third, the framework provides biological interpretability, with analysis of gene 
and protein level responses revealing regulatory mechanisms of immune checkpoint molecules consistent with existing 

Fig 5.  Perturbation analysis combined with multi-omics data reveals the biology mechanisms. (A-C) MSE and PCC values obtained by GEARS 
and MultiPert corresponding to transcriptome, and PCC values corresponding to proteome. (D) The lollipop plot of MultiPert-predicted PDL1 abundance 
changes following different perturbations. The direction of lollipops reflects the regulatory effect (enhance or inhibit) of perturbations on PDL1 abun-
dance. Red and orange indicate that the regulatory effect or expression correlation has been verified by literatures. Blue indicates no literature support. 
The radius of dots is positively correlated with the predicted protein abundance changes. (E) GO enrichment results of DEGs (Qvalue < 0.01) under 
MARCH8 perturbation. GeneRatio = Count/N, where Count is the number of genes belonging to GO term in DEGs, and N is the number of DEGs. The 
color of bubbles represents the significance of GO term, and the size represents the number of genes enriched in GO item. (F) Analysis of gene expres-
sion changes following perturbation of MARCH8. The plot compares the prediction from GEARS and MultiPert versus true gene expression for the top 
20 DEGs. The horizontal dashed line indicates the null effect baseline.

https://doi.org/10.1371/journal.pcbi.1014054.g005

https://doi.org/10.1371/journal.pcbi.1014054.g005
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experimental evidence. Such interpretability not only validates the model but also enables generation of novel biologi-
cal hypotheses. MultiPert’s architecture further reveals the synergistic role of its components. The adversarial network 
ensures effective modality alignment, while modality-specific encoders capture unique biological signatures that cannot be 
represented by a shared encoder alone. Ablation experiments confirmed that the integration of these modules is critical for 
robust multi-omics perturbation modeling.

Looking forward, extending MultiPert to incorporate additional modalities, such as epigenomics or spatial transcrip-
tomics, will further enhance its ability to fully capture cellular states. Moreover, the modular design of MultiPert makes 
it naturally compatible with emerging foundation models and large-scale pre-trained representations in computational 
biology, which could be leveraged to augment modality-specific encoders or represent perturbation signals. As multi-omics 
datasets continue to expand, MultiPert provides a methodological foundation for advancing systems-level understanding 
of perturbation biology and accelerating discovery in precision medicine.
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S1 Fig. Comparison of gene expression changes direction between true and MultiPert predictions following per-
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S1 Table. The performance of different methods on epigenome–proteome dataset. 
(XLSX)

S2 Table. The performance of different methods on transcriptome–epigenome dataset. 
(XLSX)

Code availability

The MultiPert algorithm is implemented in Python and is available on GitHub: https://github.com/MengyuanZhaoo/
MultiPert.
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