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Abstract
Predicting responses to genetic perturbation is piv-
otal for elucidating gene regulatory machinery.
However, existing methods often rely on statistical
perspectives to model differential expression, over-
looking the constraints of the underlying molecu-
lar interactome, which renders predictions suscep-
tible to spurious correlations. Based on the fact
that a genetic perturbation is a molecular stimu-
lus acting through functional connectivity to re-
configure cellular expression profiles, we propose
PertDCR, a framework for context-aware Perturba-
tion response prediction via Distance-Constrained
Refinement. Specifically, PertDCR addresses the
heterogeneity of perturbation effects by contextu-
alizing the perturbation source with relevant gene
programs inferred from the protein-protein inter-
action network as well as cell representation. To
activate biologically valid responses, PertDCR pre-
dicts the distance between the perturbation source
and highly responsive genes within the PPI net-
work, and dynamically modulates the response in-
tensity based on distance, thereby facilitating accu-
rate perturbation prediction. Extensive experiments
demonstrate that PertDCR achieves state-of-the-art
performance across diverse unseen genetic pertur-
bations, and the predictions are consistent with un-
derlying biological mechanisms.

1 Introduction
Elucidating transcriptional responses to genetic perturbations
is fundamental to dissecting disease pathologies and identi-
fying therapeutic targets [Kitano, 2002; Sachs et al., 2005].
While high-throughput screens like Perturb-seq [Dixit et al.,
2016] and CRISPR-screen [Datlinger et al., 2017] enable
the profiling of gene regulatory networks at scale, the sheer
combinatorial complexity of gene-cell interactions precludes
exhaustive experimental enumeration [Chen et al., 2024;
Lu et al., 2024; Lee et al., 2021; Chen et al., 2026]. Con-
sequently, developing computational methods capable of pre-
dicting reliable responses to unseen perturbations is an im-
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Figure 1: Top: Perturbation effects follow a distinct distribution con-
strained by interactome, peaking at specific hops rather than exhibit-
ing simple linear decay. Bottom: TP53 activation illustrates context-
aware heterogeneity, where the initial state (G1 vs. G2/M) drives
distinct outcomes (cell cycle arrest vs. apoptosis).

perative strategy to navigate the vast search space of potential
interventions.

To predict transcriptional responses to unseen perturba-
tions, deep learning approaches typically focus on statistical
distribution shifts induced by genetic interventions [Chen et
al., 2025]. scGen [Lotfollahi et al., 2019] and CPA [Lot-
follahi et al., 2023] approximate the effects via latent space
arithmetic, but reliance on simple algebraic operations lim-
its their generalizability. To enhance representation robust-
ness, scGPT [Cui et al., 2024] and Geneformer [Theodoris
et al., 2023] leverage large-scale pretraining to extract co-
expression patterns, yet the statistical focus remains suscep-
tible to encoding spurious correlations. While recent frame-
works like GEARS [Roohani et al., 2024] and GRAPE [Chi
et al., 2025b] integrate biological priors to guide the feature
learning, typically treating such knowledge merely as static
inputs for feature aggregation, which offers limited perfor-
mance gains. In summary, most existing approaches lack
explicit modeling of interactome-based gene dependencies,
which limits their ability to produce biologically valid re-
sponses.

Accurate response prediction necessitates moving beyond
simple statistical correlations to incorporate the structural
constraints of the underlying molecular interactome. A ge-
netic perturbation triggers a signaling cascade that propa-
gates through the protein-protein interaction (PPI) network
to reconfigure downstream gene expression [Costanzo et
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al., 2016; Ideker and Krogan, 2012; Vidal et al., 2011;
Luck et al., 2020]. As evidenced by the non-random prop-
agation distribution in Figure 1, the network constrains the
perturbation effects to specific neighborhoods. The distance-
dependent propagation mechanism remains consistent even
when generalizing to unseen perturbations [Kovács et al.,
2019; Cowen et al., 2017]. Therefore, explicitly incorporat-
ing the interactome constraints provides a promising avenue
to facilitate more precise and biologically plausible predic-
tions.

In this work, we propose PertDCR, a framework for
context-aware Perturbation response prediction via Distance-
Constrained Refinement, enhancing the biological plausibil-
ity of the outcomes. Specifically, we adopt an Interactome-
Embedded Graph Transformer (IEGT) to integrate the ex-
pression profile with prior information to learn the prior-
informed gene and cell embeddings. To capture the available
interaction network for the propagation of genetic effects,
the Context-Aware Response Prediction module (CARP) em-
ploys task-relevant learnable queries to retrieve analogous
gene programs, which are concatenated with cell and pertur-
bation embeddings to form adaptive perturbation conditions.
The resulting conditions are fed into a multi-task prediction
module to derive a response tailored to the specific cellular
and perturbation context. To further activate responses of the
highly responsive genes, the preliminary response intensity
is dynamically refined by the Distance-Constrained Refine-
ment Module (DCRM) based on the predicted distance from
the perturbation source within the PPI network, thereby yield-
ing a final outcome with enhanced biological verifiability and
prediction accuracy. The main contributions of this work are
summarized as follows:

• Distinct from the existing methods focusing on statisti-
cal differential expression, PertDCR predicts responses
subject to interactome constraints that align with the un-
derlying biological mechanisms of genetic perturbation.

• We construct adaptive perturbation conditions by contex-
tualizing the perturbation source with relevant gene pro-
grams, thereby yielding context-aware responses.

• Considering that genetic perturbations exert influence
through functional connectivity, we refine the response
intensity based on the distance from the perturbation
source within the PPI network, enhancing the biological
plausibility of the predictions and achieving state-of-the-
art performance across diverse unseen perturbation.

2 Related Work
2.1 Deep Learning Approaches
Early computational methods for perturbation prediction pri-
marily relied on linear assumptions [Kamimoto et al., 2023].
Perturb-Seq modeled perturbation effects using regularized
linear regression. However, the assumption of linear super-
position limits its ability to capture complex non-additive
gene interactions. Deep generative models have addressed
these limitations and become a dominant paradigm. scGen
pioneered this direction by using Variational Autoencoders
(VAEs) and latent space arithmetic to predict responses. Sub-
sequent frameworks extended this approach to handle more

complex biological contexts. For example, CPA introduced
adversarial disentanglement to predict combinatorial pertur-
bations and continuous dosage effects. SAMS-VAE [Bereket
and Karaletsos, 2023] incorporated sparse global latent vari-
ables to enhance the interpretability of the learned representa-
tions. Recent works have adopted advanced generative AI to
better model unpaired single-cell data. scPPDM [Liang et al.,
2025] utilizes conditional diffusion models with dual-channel
conditioning to generate high-fidelity perturbation profiles.
Similarly, Departures [Chi et al., 2025a] utilizes the Neural
Schrödinger Bridge to achieve energy-optimal transport be-
tween control and perturbed distributions.

2.2 Single-Cell Foundation Models
Inspired by large language models, Transformer-based
single-cell foundation models are reshaping perturbation
prediction through large-scale self-supervised pretraining.
scGPT pretrained a generative Transformer on over 33 mil-
lion cells, treating genes as tokens to learn universal cell
and gene embeddings for transfer learning. Geneformer
[Theodoris et al., 2023] introduced gene ranking-based lan-
guage modeling on up to 100 million cells, capturing context-
dependent gene interactions with strong cross-tissue transfer
capabilities. To enhance zero-shot generalization, scGenePT
[Istrate et al., 2024] injected LLM-generated gene functional
descriptions as prompts, demonstrating that natural language
knowledge improves performance on unseen perturbations.
RegFormer [Hu et al., 2025] combines gene regulatory net-
work (GRN) priors with Mamba architecture, using GRN-
guided gene ordering and regulatory-aware pretraining objec-
tives to model transcriptional hierarchies.

2.3 Knowledge-Enhanced Methods
Recognizing limitations of purely data-driven approaches
[Zhou et al., 2025; Wei et al., 2025], recent work inte-
grates biological prior knowledge for perturbation predic-
tion. GEARS pioneered integrating deep learning with Gene
Ontology-based knowledge graphs, enabling prediction for
gene combinations never experimentally tested. Similarly,
GRAPE introduced biotype information and constructed het-
erogeneous graphs with distinct node types for coding and
non-coding genes to capture implicit gene relationships.
Other methods focus on unifying different data types. Per-
turbNet [Yu et al., 2025] unified multiple perturbation modal-
ities to predict responses across small molecules, genetic per-
turbations, and missense mutations. Additionally, Biolord
[Piran et al., 2024] developed a disentanglement framework
separating known attributes from unknown attributes via in-
formation constraints, enabling counterfactual generation of
inaccessible cell states.

We summarize the key distinctions from existing methods
as follows: (1) Unlike methods such as scGPT and Gene-
former, which implicitly learn perturbation effects from data-
driven statistical patterns, we construct adaptive perturba-
tion conditions by retrieving analogous gene programs to de-
rive context-aware responses; (2) In contrast to methods like
GEARS, which incorporate prior information as static inputs
for feature aggregation, we focus on directly refining the re-
sponse intensity based on interactome distance constraints.
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Figure 2: Overview of the proposed PertDCR. The Interactome-Embedded Graph Transformer (IEGT) integrates the control profile xc

with pathway and PPI networks, encoding prior-informed gene and cell embeddings. Subsequently, the Context-Aware Response Prediction
(CARP) module employs task-relevant learnable queries to retrieve analogous gene programs, which are fused with the cell and perturbation
embeddings to form adaptive perturbation conditions. These conditions are processed by a multi-task prediction module to derive preliminary
responses. To activate biologically valid responses, the Distance-Constrained Refinement Module (DCRM) dynamically modulates the
response intensity based on predicted topological distances, yielding the biologically plausible outcome x̂final.

3 Methodology
3.1 Overview
We define the control population as Dctr = {x(j)

ctr}Mj=1 and

the perturbed population as Dpert = {(x(i)
pert, k

(i))}Ni=1. x ∈
R|G| represents the gene expression profile, the perturbation
source k(i) belongs to the set of genes G. We ensure that
Ptrain ∩ Ptest = ∅, where Ptrain and Ptest be the sets of
perturbed genes in training and testing, respectively. Our ob-
jective is to learn a mapping function fθ : (xctr, k) → x̂final

that accurately predicts the transcriptional responses.
In this work, the Interactome-Embedded Graph Trans-

former (IEGT) processes the control profile xctr, the path-
way and the PPI network to encode the gene and cell embed-
dings. Subsequently, the Context-Aware Response Predic-
tion (CARP) module employs task-relevant learnable queries
to retrieve analogous gene programs. These retrieved to-
kens, fused with the cell and perturbation embedding, form
the perturbation conditions. The resulting conditions are
fed into a multi-task prediction module, which outputs a
regression token for expression prediction and distinct ac-
tivation/inhibition tokens for hops inference. Finally, the
Distance-Constrained Refinement Module (DCRM) utilizes
these tokens to predict the distances for highly responsive
genes. The preliminary responses are then modulated based
on the predicted distances to yield the final outcome x̂final.
The overall framework is shown in Figure 2.

3.2 Interactome-Embedded Graph Transformer
To integrate transcriptomic expression with prior informa-
tion into cell and gene embedding, we construct a graph
G = (Vc ∪ Vg, Ehet) comprising both cell nodes Vc and gene
nodes Vg . The edges Ehet = Eppi∪Eexp∪Epath include gene-
gene edges derived from the PPI network, cell-gene edge

weighted by expression levels, and cell-cell edge constructed
via K-Nearest Neighbors on pathway activity scores.

Operating on the graph G, the IEGT E iteratively aggre-
gates information from neighborhoods to update node repre-
sentations. For a target gene node i at layer l, the updated
feature h

(l)
i is calculated as follows:

h
(l)
i = ψ

 ∑
j∈N (i)

α
(l)
ij W

graph
V h

(l−1)
j

+ h
(l−1)
i , (1)

where N (i) represents the neighbor set of node i, Wgraph
V

denotes a learnable value projection matrix, and ψ denotes a
feed-forward network. α(l)

ij is computed via the interaction
between the node i and the node j as follows:

α
(l)
ij = σsoft

j∈N (i)

(
(Wgraph

Q h
(l−1)
i )⊤(Wgraph

K h
(l−1)
j )

√
d

)
, (2)

where d is the scaling dimension, σsoft denotes the softmax
function and Wgraph

Q ,Wgraph
K are query and key projection

matrices. By assigning varying αij to different edges, E
adaptively modulates the influence of priors. After L layers
of propagation, E yields the prior-informed cell embedding
zc and a global gene embedding pool M = {mi}i∈G .

Furthermore, we impose a structural consistency regular-
ization that encourages embeddings similarity between con-
nected gene pairs in the PPI network while separating uncon-
nected ones, defined as:

Lgene = −E(i,j)∼Eppi

[
log

exp(m⊤
i mj/τ)∑

n∈G exp(m⊤
i mn/τ)

]
, (3)
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where τ represents a temperature hyperparameter. Analo-
gously, a structural constraint Lcell is applied to the cell-cell
similarity graph. Lgraph = Lgene+Lcell forces E to capture
global structural dependencies, establishing a robust founda-
tion for the subsequent perturbation prediction task.

3.3 Context-Aware Response Prediction
To account for the heterogeneity of perturbation effects across
different cells, the Context-Aware Response Prediction mod-
ule (CARP) constructs adaptive perturbation conditions to
synthesize a preliminary response. To capture the available
interaction network for the propagation of genetic effects, we
instantiate a set of task-relevant queries Qtask by modulating
a set of learnable base tokens Qbase with the specific condi-
tion vector derived from the cell embedding and perturbation
source: Qtask = Qbase + Ψ(zc, ek), where Ψ is a function
implemented as concatenation followed by a linear projec-
tion. Qtask serve as probes to retrieve relevant gene programs
from M, generating retrieved contexts Cret as follows:

Cret = σsoft

(
Wret

Q Qtask(MWret
K )⊤

√
d

)
MWret

V , (4)

where Wret
Q , Wret

K , Wret
V are learnable query, key and value

matrices for the retrieval mechanism. Subsequently, CARP
constructs the perturbation conditions by concatenating Cret

with the cell embedding, the perturbation source, and a set
of specialized learnable tokens Tspecial = [treg, tup, tdown].
These specialized tokens are designed to separately aggregate
latent information for the expression regression task and the
distance prediction of activation/ repression targets. The com-
posite perturbation conditions Sin = [Cret, zc, ek,Tspecial]
are fed into the multi-task prediction module.

The updated regression token hreg is projected via a re-
gression decoder Dreg to generate the preliminary post-
perturbation expression estimate: x̂pre = Dreg(hreg). The
preliminary response serves as context-aware baseline, and
the updated activation token hup and repression token hdown

are reserved for the subsequent distance inference.

3.4 Distance-Constrained Refinement
To activate biologically valid responses while at the
same time suppressing spurious correlations, the Distance-
Constrained Refinement Module (DCRM) dynamically mod-
ulates the preliminary response x̂pre based on interactome
distance. Given that genetic perturbations trigger sparse reg-
ulatory cascades in reality, DCRM focuses on the set of
all highly responsive genes T = Tup ∪ Tdown selected by
predicted shift magnitudes, where Tup and Tdown comprise
genes with the strongest predicted upregulation and down-
regulation, respectively.

For each candidate gene g ∈ Tup, a distance predictor
Ddist utilizes the context-aware token hup to estimate the
probability distribution of topological hops from source ek

pk,g = σsoft (Ddist([hup ∥ ek ∥ mg])) , (5)
where [· ∥ ·] denotes concatenation operation. An identical
process using the repression token hdown is applied to the re-
pression set Tdown. To ensure that the predicted probabilities

reflect authentic molecular interactome, we impose a distance
constraint Ldist as follows:

Ldist = −
∑
g∈T

B∑
b=1

I(bgt = b) log(pk,g,b), (6)

where bgt denotes the ground-truth hop distance in the PPI
network, pk,g,b is the b-th element of pk,g , B is the number
of distance intervals, and I is the indicator function.

To flexibly refine the response intensity based on predicted
distance, we calculate a scalar correction term δg for each
target gene g ∈ T as follows:

δg = (p⊤
k,gω) ·O(pk,g), (7)

where ω denotes learnable weights assigning importance to
each hop interval. The first term (p⊤

k,gω) quantifies the ex-
pected structural influence of the perturbation on the target
gene. The second term O(pk,g) serves as a confidence gate
that modulates the correction magnitude based on the uncer-
tainty of the distance prediction, and is formulated as follows:

O(p) = σsig

(
β0 · (1−

H(p)

Hmax
) + β1 · (p(1) − p(2)) + β2

)
,

(8)
where H(p) is the entropy measuring prediction ambiguity,
normalized by the maximum entropyHmax, p(1)−p(2) repre-
sents the margin between the top two probabilities, β0, β1, β2
are learnable parameters, and σsig denotes sigmoid function.
The confidence gate ensures that refinements are applied only
when the model is confident in the propagation process, pre-
venting corrections driven by ambiguous structural inference.
The final transcriptomic profile is updated as follows:

x̂final = x̂pre + δ, (9)
where δ is a sparse vector populated with δg at targeted in-
dices (g ∈ Tup ∪ Tdown) and zero elsewhere. DCRM re-
fines the response based on the distance between genes in the
PPI network, enhancing the biological plausibility of final re-
sponse.

3.5 Model Optimization
To align the final transcriptomic profile x̂final with the ex-
perimentally observed state, we enforce a regression objec-
tive that minimizes the divergence between the predicted re-
sponses and the ground truth:

Lreg = Exctr∼Dctr,(xpert,k)∼Dpert

[
∥x̂final − xpert∥22

]
(10)

where xpert denotes the verified post-perturbation gene ex-
pression profile associated with target k. In summary, the
total optimization objective is formulated as follows:

Ltotal = Lreg + λLdist + γLgraph (11)
where λ is the weight of Ldist and γ is the weight of Lgraph.
By minimizing Ltotal, PertDCR enhances the robust general-
ization to unseen perturbations by refining predictions based
on the interactome distance.
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4 Experiment

4.1 Experimental Settings

We begin by introducing the experimental settings. Sub-
sequently, we benchmark PertDCR against state-of-the-art
methods and conduct ablation studies to validate individual
components. We further investigate the interpretability of the
distance-constrained refinement and assess the model’s gen-
eralization capabilities on cross-cell-line datasets.

Datasets. To comprehensively evaluate the performance
of PertDCR, we utilize datasets spanning diverse cell lines,
including Adamson, Norman, Datlinger, Papalexi, Replogle
and Tian [Peidli et al., 2022] . Notably, the Norman dataset
includes combinatorial perturbation types. To further val-
idate the capability of PertDCR in handling perturbations
across different cell lines, we constructed a curated cross-
cell-line dataset by integrating Datlinger, Papalexi, and Tian,
referred to Mixture dataset. For data preprocessing, we fol-
low the standard protocols established in GEARS [Roohani
et al., 2024] and scGPT [Cui et al., 2024] and enforce a rig-
orous data splitting strategy where the perturbation types in
the test set are strictly disjoint from those in the training set.
The PPI network is constructed using data from the STRING
database [Szklarczyk et al., 2022]. The concise description
of datasets is provided in Table 1.

Implementation details. All models are implemented in
PyTorch on an NVIDIA A6000 GPU. We set the distance into
B = 5 intervals representing 1-hop, 2-hop, 3-hop, >3-hop
and unlinked. The hyperparameters λ and γ are initialized to
0.05 and 0.1, respectively. We optimize the model using the
Adam optimizer [Kingma and Ba, 2015] with a learning rate
of 1× 10−4 and a batch size of 64.

Evaluation metrics. To comprehensively assess the per-
formance of PertDCR, we employ five metrics. Pearson Cor-
relation (Pearson) measures the linear relationship between
the predicted and ground-truth expression profiles across all
genes. Pearson Delta (Pearsonδ) calculates the correlation
between the predicted and actual expression changes (delta)
over the entire genome. Pearson DE Delta (Pearsonδ+de) re-
stricts this correlation calculation to the top-20 Differentially
Expressed Genes (DEGs) that are most significantly per-
turbed. Directionality Accuracy (Dir. Acc) verifies whether
the model correctly identifies the sign of regulation (upregu-
lation or downregulation) for genes with significant changes.
Pathway NES Correlation (NES Cor) measures the alignment
of gene set enrichment analysis scores [Tilford and Siemers,
2009] between prediction and ground truth.

Dataset Cell Line Perturbation Scale (#cells × #genes)

Adamson [Adamson et al., 2016] K562 Single-gene 68,603 × 5,060
Norman [Norman et al., 2019] A549 Single&Double-gene 91,205 × 5,045
Datlinger [Datlinger et al., 2017] Jurkat Single-gene 5,905 × 5,009
Papalexi [Papalexi et al., 2021] THP-1 Single-gene 20,729 × 5,016
Replogle [Replogle et al., 2022] K562 Single-gene 171,542 × 6,017
Tian [Tian et al., 2021] iNeuron Single-gene 4,844 × 5,117
Mixture / Single-gene 15,899 × 5,125

Table 1: Dataset descriptions.

Figure 3: Comparison of NMSE between PertDCR and scGPT
across varying ranges of DEGs on the Adamson dataset.

Figure 4: Heatmap comparing the Z-score normalized expression of
activated (top) and inhibited (bottom) DEGs between PertDCR and
GEARS under JAK2 perturbation on the Papalexi dataset.

4.2 Comparison to State-of-the-Arts
To demonstrate the robustness of PertDCR across diverse per-
turbation types, we compare PertDCR with the competing
methods, including Linear Regression (LR), CPA, GEARS,
scGPT, biolord and PerturbNet on different datasets. As de-
tailed in Table 2, PertDCR consistently achieves superior
performance across all metrics. On the Datlinger dataset,
PertDCR achieves a Pearsonδ of 0.556 and a Pearsonδ+de of
0.754, outperforming scGPT which achieves 0.382 and 0.514
respectively. Similarly, on the Replogle dataset, PertDCR
achieves a Pearsonδ 0.588 compared to 0.250 for scGPT and
0.154 for GEARS. These substantial margins indicate that
integrating interactome constraints allows the model to ef-
fectively predict precise response. For the Norman dataset
which contains combinatorial two-gene perturbations, Pert-
DCR achieves 0.618 in terms of NES Cor, surpassing the
GEARS score of 0.580, suggesting that DCRM in PertDCR
effectively enhances the biological plausibility of the predic-
tions even in complex multi-gene perturbation scenarios.

Additionally, we visualize the Normalized Mean Squared
Error (NMSE) which quantifies the error normalized by the
variance of the ground truth on the Adamson dataset across
varying numbers of top DEGs. As illustrated in Figure 3,
PertDCR reduces the NMSE by about 17 percentage points
compared to scGPT on the top-50 DEGs and expands this ad-
vantage to a 26.2% reduction on the top-500 DEGs, demon-
strating that PertDCR offers precise predictions for the tar-
gets that undergo the most significant transcriptional shifts.
We also visualize the Z-score normalized expression pro-
files for the top-30 DEGs following JAK2 perturbation on the
Papalexi dataset in Figure 4. PertDCR exhibits remarkable
concordance with the ground truth, accurately reconstruct-
ing both the strongly upregulated cluster and the downregu-
lated cluster in terms of direction and magnitude. In contrast,
GEARS displays directional reversals for several key genes.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Adamson Norman Datlinger

Method Venue Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor

LR - 0.9826 0.387 0.620 78.0% 0.351 0.9877 0.523 0.634 80.7% 0.453 0.9884 0.215 0.288 60.7% 0.178
CPA Mol. Syst. Biol. (2023) 0.9280 0.121 0.494 61.5% 0.113 0.9817 0.177 0.297 55.5% 0.101 0.9593 0.022 0.441 56.1% 0.071
GEARS Nat. Biotechnol. (2023) 0.9892 0.531 0.678 81.8% 0.574 0.9845 0.583 0.715 85.7% 0.580 0.9777 0.031 0.011 54.0% 0.057
scGPT Nat. Methods (2024) 0.9906 0.615 0.769 84.8% 0.613 0.9852 0.561 0.732 85.2% 0.549 0.9761 0.382 0.514 77.4% 0.352
biolord Nat. Biotechnol. (2024) 0.9914 0.285 0.725 55.6% 0.179 0.9854 0.528 0.659 81.8% 0.436 0.9895 0.203 0.241 60.8% 0.149
PerturbNet Mol. Syst. Biol. (2025) 0.7309 0.146 0.189 72.8% 0.003 0.4840 0.066 0.062 43.5% 0.054 0.8421 0.010 0.351 48.9% 0.011

PertDCR - 0.9932 0.747 0.841 89.6% 0.645 0.9878 0.587 0.734 86.5% 0.618 0.9890 0.556 0.754 83.6% 0.473
Papalexi Tian Replogle

Method Venue Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor

LR - 0.9774 0.277 0.341 65.4% 0.264 0.9876 0.200 0.438 60.3% 0.134 0.9929 0.131 0.261 74.8% 0.340
CPA Mol. Syst. Biol. (2023) 0.9671 0.130 0.263 61.0% 0.142 0.9800 0.004 0.307 53.7% 0.008 0.9769 0.017 0.023 47.4% 0.003
GEARS Nat. Biotechnol. (2023) 0.9794 0.324 0.505 69.8% 0.304 0.9850 0.051 0.200 54.4% 0.017 0.9920 0.154 0.277 74.8% 0.347
scGPT Nat. Methods (2024) 0.9841 0.296 0.421 72.8% 0.315 0.9842 0.632 0.842 83.4% 0.495 0.9918 0.250 0.451 75.1% 0.345
biolord Nat. Biotechnol. (2024) 0.9886 0.362 0.484 75.8% 0.211 0.9816 0.143 0.150 58.8% 0.086 0.9926 0.238 0.427 69.1% 0.303
PerturbNet Mol. Syst. Biol. (2025) 0.8913 0.124 0.267 52.9% 0.003 0.6947 0.040 0.011 45.4% 0.051 0.6344 0.027 0.069 50.9% 0.012

PertDCR - 0.9886 0.488 0.649 78.8% 0.401 0.9856 0.656 0.887 83.4% 0.510 0.9932 0.588 0.695 86.2% 0.421

Table 2: Quantitative comparison on six datasets for unseen perturbation prediction.

Variants Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor

PertDCR w/o PE 0.9910 0.694 0.775 86.8% 0.572
PertDCR w/o RM 0.9923 0.701 0.785 88.0% 0.585

PertDCR w/o DCRM 0.9926 0.717 0.811 88.3% 0.633
PertDCR w/o CE 0.9926 0.713 0.819 88.6% 0.608

PertDCR 0.9932 0.747 0.841 89.6% 0.645

Table 3: Quantitative comparison of PertDCR and different variants.

Figure 5: Performance comparison on the top-10 DEGs for PRMT5
perturbation. The total height of the stacked bar indicates the fi-
nal prediction of PertDCR, composed of the preliminary prediction
(light blue) and the learned DCRM Correction (dark blue).

4.3 Analysis of the Main Components
To comprehensively demonstrate the roles of the main mod-
ules in our model, we conduct a series of experiments with
quantitative results summarized in Table 3.

Is the distance-constrained refinement effective? To
verify the effectiveness of the refinement module, we com-
pare PertDCR with ‘PertDCR w/o DCRM’ which omits the
final distance-based rectification. As presented in Table 3, the
removal of DCRM leads to a clear decline in Pearsonδ from
0.747 to 0.717. We further visualize the top-10 differentially
expressed genes for the PRMT5 perturbation in Figure 5. As
shown by the stacked bars, the DCRM correction term (dark
blue) dynamically compensates for the preliminary predic-
tion (light blue), effectively bridging the gap to the Ground
Truth. Consequently, the final response (total height) demon-
strates superior alignment with the actual expression levels
compared to scGPT, confirming that the module accurately
scales refinements according to structural constraints.

Is the specific cell embedding necessary? We build a
variant, ‘PertDCR w/o CE’, which disables the injection of

Figure 6: Visualization of expression deviations (PertDCR vs.
Ground Truth) from the population mean for the CHERP perturba-
tion. Each point represents a gene-cell pair. The higher Pearson
correlation (r) and alignment with the identity line (red dashed) in-
dicate that PertDCR better preserves cellular heterogeneity.

Figure 7: Ranking of the top-10 perturbation types based on atten-
tion AUC for ground truth downstream targets. The red dashed line
represents the random baseline.

specific Cell Embedding. The results in Table 3 show a
decrease in Pearsonδ+de to 0.819, indicating a loss in cell-
specific predictive capability. We further visualize the align-
ment between the predicted and ground truth deviations from
the mean expression in Figure 6. PertDCR exhibits a pos-
itive correlation of 0.650 with data points distributed along
the diagonal while the variant displays a collapsed distribu-
tion where the majority of predicted values cluster around
zero deviation. This implies that without cell embeddings, the
model fails to distinguish individual cellular states and degen-
erates into predicting the population average, thereby losing
the biological heterogeneity intrinsic to single-cell data.

Does the retrieval mechanism capture meaningful gene
programs? We analyze the attention distribution of the learn-
able queries using the Area Under the Curve metric as illus-
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Figure 8: Concordance between ground truth gene ranking and
learned correction magnitudes. The top-20 DEGs are stratified by
topological distance (X-axis) and ordered by their ground truth per-
turbation intensity (Left Y-axis, lower rank indicates stronger varia-
tion). The parallel trend with the model’s correction magnitude |δ|
(Right Y-axis) and the strong negative correlation (ρ) demonstrate
that the DCRM dynamically scales refinements according to the ac-
tual severity of the perturbation effect at each structural depth.

trated in Figure 7. PertDCR achieves a mean AUC of 0.659
in distinguishing the top-40 most responsive genes from other
genes, consistently outperforming the random baseline across
all perturbation types. The results demonstrate that the re-
trieval mechanism identifies task-relevant gene programs.

Do biological priors enhance functional understand-
ing? To validate the contribution of prior-based edges, we
compare PertDCR with ‘PertDCR w/o PE’ which retains only
cell-gene expression edges. Table 3 reveals that this variant
exhibits a notable drop in NES Cor from 0.645 to 0.572, sug-
gesting that the integration of biological priors is crucial for
capturing functional pathway activities and maintaining the
structural integrity of the embedding.

4.4 Analysis of Distance-Constrained Refinement
To validate the interpretability of the distance constrained re-
finement module, we investigate whether the learned correc-
tion magnitudes align with the biological signal strength. In-
tuitively, genes structurally closer to the perturbation source
or involved in key regulatory cascades should exhibit sharper
expression shifts, necessitating larger refinement terms. As
shown in Figure 8, we stratify the top-20 DEGs by their
hop distance. We observe a strong concordance between
the ground truth perturbation intensity (indicated by Rank-
ing, red line) and the model’s learned correction magnitude
(blue/green line). Notably, the model assigns the largest cor-
rections dynamically according to impact severity rather than
rigid hop sequence. The genes at the 2-hop distance ex-
hibit the strongest actual activation/repression (lowest rank)
and correctly receive the highest correction magnitude from
DCRM. The strong negative correlation between ground truth
rankings and correction magnitudes (ρ = −0.968 for up-
regulation) confirms that DCRM selectively amplifies the re-
sponse signal for genes that undergo the most drastic changes.

4.5 Performance on Cross-Cell-Line Dataset
We evaluate the model’s capability to generalize across cell
lines using the Mixture dataset. As presented in Table 4,
PertDCR consistently outperforms scGPT by significant mar-
gins across all metrics. Specifically, it improves predic-
tion precision (Pearsonδ+de) by about 50% (0.788 vs. 0.527)
and accurately captures regulatory trends with a Directional-

Method Pearson Pearsonδ Pearsonδ+de Dir. Acc NES Cor

biolord 0.735 0.538 0.544 76.8% 0.587
scGPT 0.808 0.578 0.527 73.6% 0.601

PertDCR 0.898 0.790 0.788 90.3% 0.786

Table 4: Quantitative comparison on the Mixture dataset.

Figure 9: Comparison of the Pearson correlation between PertDCR
and scGPT across distinct perturbation types on the Mixture dataset.
The points above the diagonal indicate superior performance by
PertDCR. PertDCR wins 86.5% of perturbations.

ity Accuracy of 90.3% compared to 73.6% for scGPT. Cru-
cially, the superior Pathway NES score (0.786) confirms that
PertDCR successfully reconstructs biologically plausible re-
sponses. This robustness is further evidenced in Figure 9,
where PertDCR surpasses scGPT in 86.5% of individual per-
turbation tasks, demonstrating exceptional stability in han-
dling complex cross-cell-line scenarios.

5 Conclusion
In this work, we proposed PertDCR, a framework that mod-
els genetic perturbations as topology-constrained molecu-
lar stimuli rather than simple statistical shifts. To address
the heterogeneity of perturbation effects, PertDCR constructs
adaptive perturbation conditions by integrating cell repre-
sentations with interactome-inferred gene programs, deriv-
ing context-aware responses. Furthermore, the distance-
constrained refinement module modulates response inten-
sity based on the distance-dependent propagation mechanism
within the PPI network. Experimental results demonstrate
that PertDCR achieves state-of-the-art performance across di-
verse unseen scenarios, providing a robust tool for elucidating
complex gene regulatory machineries.
Discussion. As high-throughput perturbational screens be-
come integral to drug discovery and regenerative medicine,
PertDCR serves as a valuable computational method by fa-
cilitating predicted responses adherence to underlying bio-
logical mechanisms within the active interactome. A unique
strength of PertDCR is its ability to contextualize the pertur-
bation source within the active cellular interactome, allow-
ing for the precise mapping of how signals propagate through
topological neighborhoods. This feature is promising for
identifying cell-specific therapeutic targets where the same
gene perturbation may yield divergent outcomes.
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[Kovács et al., 2019] István A Kovács, Katja Luck, Kerstin
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Albert-László Barabási. Interactome networks and human
disease. Cell, 144(6):986–998, 2011.

[Wei et al., 2025] Xindian Wei, Tianyi Chen, Xibiao Wang,
Wenjun Shen, Cheng Liu, Si Wu, and Hau-San Wong.
Come: contrastive mapping learning for spatial recon-
struction of single-cell rna sequencing data. Bioinformat-
ics, 41(3):btaf083, 2025.

[Yu et al., 2025] Hengshi Yu, Weizhou Qian, Yuxuan Song,
and Joshua D Welch. Perturbnet predicts single-cell re-
sponses to unseen chemical and genetic perturbations.
Molecular Systems Biology, 21(8):960, 2025.

[Zhou et al., 2025] Xianyong Zhou, Xindian Wei, Cheng
Liu, Wenjun Shen, Ping Xuan, Si Wu, and Hau-San Wong.
Robust subspace structure discovery for cell type identifi-
cation in scrna-seq data. BMC bioinformatics, 26(1):295,
2025.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T


	Introduction
	Related Work
	Deep Learning Approaches
	Single-Cell Foundation Models
	Knowledge-Enhanced Methods

	Methodology
	Overview
	Interactome-Embedded Graph Transformer
	Context-Aware Response Prediction
	Distance-Constrained Refinement
	Model Optimization

	Experiment
	Experimental Settings
	Comparison to State-of-the-Arts
	Analysis of the Main Components
	Analysis of Distance-Constrained Refinement
	Performance on Cross-Cell-Line Dataset

	Conclusion

