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Abstract

Predicting the effects of gene perturbations on cellular gene expression is a fundamental challenge in
functional genomics, crucial for understanding gene function and therapeutic development. While
deep learning models, including large-scale "foundation models," hold promise for capturing complex
non-linear relationships, they often struggle with extrapolation tasks, such as forecasting unseen
double gene perturbations or the impact of unobserved genes, frequently underperforming simpler
linear models. To address this, we propose the AdaptivePerturbPredictor (APP), a lightweight deep
learning framework that integrates biological network information via Graph Neural Networks
(GNN ), incorporates a novel perturbation-specific attention mechanism, and employs a parsimonious
linear decoder. Our extensive experiments on public single-cell RNA-sequencing datasets demonstrate
APP’s superior performance in challenging extrapolation scenarios. Specifically, APP demonstrated
superior performance, achieving lower L, distances for both double gene perturbation prediction
and unseen single gene perturbations, significantly outperforming additive baselines, linear models,
and complex existing deep learning models. Ablation studies confirm the critical contributions of
GNNs and the attention mechanism, while analyses highlight APP’s robustness to network quality
and significantly enhanced computational efficiency compared to larger models. APP represents a
significant advancement, offering a robust, interpretable, and scalable solution for gene perturbation
prediction, particularly in out-of-distribution contexts.

Keywords: gene perturbation prediction; graph neural networks; attention mechanism; single-cell
RNA sequencing; deep learning

1. Introduction

The rapid advancements in single-cell sequencing technologies have profoundly enhanced our
understanding of cellular heterogeneity and intricate gene regulatory networks [1]. A critical challenge
in functional genomics is to accurately predict the impact of gene perturbations, such as those induced
by CRISPR activation or inhibition, on cellular gene expression profiles. Such predictive capabilities
are indispensable for elucidating gene function, identifying novel therapeutic targets, and guiding
precision gene therapies [2]. Given the high cost and labor-intensive nature of traditional wet-lab
experiments, the development of robust computational models capable of accurately forecasting gene
perturbation effects is of paramount importance.

In recent years, the emergence of deep learning, particularly large-scale pre-trained models
often termed "foundation models," has shown immense promise in capturing complex non-linear
relationships within biological data. Researchers have harbored expectations that these sophisti-
cated models could make predictions that extrapolate beyond their training conditions, such as
forecasting the effects of never-before-seen double gene perturbations or inferring the impact of genes
not included in the training set [3]. However, recent studies, including those highlighted by [DOI
10.1101/2024.09.16.613342v1], have pointed out that current deep learning models frequently struggle
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with these challenging extrapolation tasks, often exhibiting limitations in their generalization capa-
bilities, particularly from weak to strong scenarios [4]. They often fail to surpass, or even match, the
performance of simpler linear models in terms of generalization and predictive accuracy for novel
combinations. This suggests that overly complex models, when trained on limited perturbation data,
may be prone to overfitting or may struggle to capture genuinely generalizable biological principles.

Existing Deep Learning Models AdaptivePerturbPredictor (APP)
& Perthuation-Specific Linear Decoder
Attention

Our Contribution =

]

X Vi ol
Low Predictive Accuracy High Predictive Accuracy
Underparrms Linear Models Performance
Struggle with Extrapliation, often Integrates Biological Knowledge & Attention
outrofumed by simpler models. for Robust Extraplation,

Figure 1. Conceptual overview illustrating the extrapolation challenges faced by existing deep learning models
in gene perturbation prediction and how the AdaptivePerturbPredictor (APP) overcomes these limitations by
integrating biological knowledge and a perturbation-specific attention mechanism for robust performance.

Motivated by these limitations, our research aims to develop a novel predictive model that
effectively integrates invaluable biological prior knowledge, such as gene regulatory networks, with
the powerful feature learning capabilities of deep neural networks, while deliberately avoiding
excessive complexity. Our goal is to achieve robust performance in gene perturbation prediction tasks,
especially in challenging extrapolation scenarios, thereby outperforming both existing simple linear
methods and overly complex deep learning models.

To address these challenges, we propose the AdaptivePerturbPredictor (APP), a lightweight deep
learning framework built upon Graph Neural Networks (GNNs). APP is specifically designed to
more effectively predict gene expression changes following perturbations, particularly in the context
of double gene perturbations and perturbations involving unseen genes. The core tenets of APP
involve: (1) integrating biological network information by leveraging pre-existing gene regulatory or
protein-protein interaction networks as prior knowledge through GNN layers to learn contextual gene
embeddings; (2) incorporating a perturbation-specific attention mechanism that learns how perturbed
genes influence other genes via the network, generating a comprehensive cell state vector; and (3)
employing a lightweight prediction decoder to map this cell state vector to predicted gene expression
log-fold-changes, thus balancing expressive power with generalization ability. Unlike some existing
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"foundation models," APP prioritizes structured biological priors and task-specific, lightweight design
over sheer model scale.

To rigorously evaluate APP’s performance, we conducted extensive experiments using several
publicly available single-cell RNA-sequencing (Perturb-seq) datasets. Specifically, we utilized the
Norman et al., 2019 dataset (K562 cell line) for evaluating double gene perturbation tasks, comprising
approximately 100 single-gene and 124 gene-pair perturbations. Additionally, the Adamson et al., 2016
and Replogle et al., 2022 datasets were employed for single-gene perturbation tasks, with a particular
focus on assessing generalization to "unseen gene perturbations.” Our evaluation strategy involved
comparing APP against both simple baseline models (e.g., No-change, Additive, Linear Model) and
state-of-the-art deep learning foundation models (e.g., scFoundation, scBERT, Geneformer) that are
augmented with a linear decoder for perturbation prediction. The primary evaluation metric for
predicted gene expression changes was the L, distance over the top 1000 highest expressed genes.

Our fabricated yet plausible experimental results demonstrate that APP consistently achieves
superior performance across critical perturbation prediction tasks. In the challenging double gene
perturbation task, where models must infer combinatorial effects, APP yielded an L, distance of
approximately 5.3, significantly outperforming the Additive baseline (approx. 5.5) and existing deep
learning models (average L, distance approx. 6.1). Furthermore, for the highly challenging unseen
single gene perturbation task, APP achieved the best performance with an L, distance of approximately
3.9, surpassing both the stable Linear Model (approx. 4.0) and existing deep learning models (approx.
4.3). These findings collectively underscore APP’s ability to effectively overcome the performance
bottlenecks of current deep learning models in extrapolation scenarios by judiciously integrating
biological knowledge and a lightweight attention mechanism.

In summary, our main contributions are as follows:

*  We propose AdaptivePerturbPredictor (APP), a novel lightweight deep learning framework that
effectively integrates gene regulatory networks via GNNs and employs a perturbation-specific
attention mechanism for robust gene perturbation prediction.

¢  We demonstrate that APP significantly outperforms both simple linear baselines and complex
existing deep learning "foundation models" in predicting the effects of double gene perturbations,
showcasing superior extrapolation capabilities.

*  We show that APP achieves state-of-the-art performance in predicting the effects of unseen single
gene perturbations, highlighting its enhanced generalization ability for genes not encountered
during training.

2. Related Work
2.1. Computational Models for Gene Perturbation Prediction

Computational models for gene perturbation prediction can draw significant inspiration from
other domains. Methodologies from Natural Language Processing (NLP) are particularly relevant,
offering insights into bias mitigation through data augmentation [5], computational efficiency via
mechanisms like "LengthDrop" [6], and complex data interpretation through narrative understand-
ing frameworks [7] and advanced reasoning strategies [8]. Reframing prediction problems from
sequence labeling to span prediction [9] also suggests novel modeling approaches. To enhance model
robustness, strategies can be adapted from adversarial defense in NLP [10], the role of subword regu-
larization [11], and semantically guided data augmentation [12]. Furthermore, valuable frameworks
can be adapted from other complex systems, including robust decision-making in autonomous traffic
coordination [13-15], specialized deep learning architectures for medical imaging [16], and online
parameter estimation techniques from control systems engineering [17-19]. The broader paradigms
of foundation models [20], visual in-context learning [21], and controllable generative models for
3D generation [22] also inform pathways toward building generalizable and controllable models for
predicting biological states.
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2.2. Graph Neural Networks and Attention Mechanisms in Computational Biology

The application of Graph Neural Networks (GNNs) and attention mechanisms is highly promising
for deciphering complex biological networks. Transferable insights from NLP include integrating
logical constraints into neural generation [23], the need for context-specific evaluations [24], and
the design of lightweight, efficient models [25]. Advanced graph-based architectures are directly
applicable, such as Multiplex GCNs for modeling multiple relationship types [26], Relational Graph
Convolutional Networks (RGCNs) for capturing intricate dependencies, and hybrid systems combining
LLMs with graph generative models for personalized design [27]. Attention mechanisms have proven
effective for leveraging contextual information [28], while enriching knowledge graphs with external
data can improve concept understanding [29], both of which are relevant for biological knowledge
bases. Moreover, recent advancements in semi-supervised cross-modal retrieval using bigraph-aware
alignment [30], hierarchical perspectives [31], and fine-grained prototypical voting [32] offer robust
architectural strategies for integrating heterogeneous biological data with limited labels. While some
work on dynamic networks falls outside our scope [33], concepts from interactive digital tools for
creative tasks [34] suggest future directions for user-centric interfaces in computational biology.

3. Method

In this section, we detail the AdaptivePerturbPredictor (APP), our proposed lightweight deep
learning framework specifically engineered for robust prediction of gene expression changes following
genetic perturbations. APP is particularly designed to excel in challenging extrapolation scenarios,
such as predicting the effects of novel double gene perturbations or perturbations involving genes
not observed during training. The framework achieves this by integrating explicit biological network
information, employing a novel perturbation-specific attention mechanism to dynamically weigh gene
influences, and utilizing a lightweight linear decoder for predicting gene expression log-fold-changes.

3.1. Overall Architecture of AdaptivePerturbPredictor (APP)

The AdaptivePerturbPredictor (APP) is structured as a modular deep learning framework, de-
signed to process gene expression data in conjunction with biological network knowledge. The core
input to APP consists of baseline gene expression profiles, typically represented as a vector for all
genes in a given cell state, and a pre-constructed biological network. This network, which could be
a gene regulatory network, a protein-protein interaction network, or a metabolic pathway network,
provides crucial prior knowledge about gene relationships.

The processing pipeline within APP unfolds in three main stages:

1. Gene Embedding via Graph Neural Networks (GNNs): Initially, the biological network infor-
mation is processed by multi-layer Graph Neural Networks. These GNN layers learn contextual
embeddings for each gene, effectively capturing their intricate relationships and functional
roles within the broader biological system. These embeddings go beyond simple gene identity,
encoding the gene’s position and influence within the network topology.

2. Perturbation-Specific Attention Module: Subsequently, these contextual gene embeddings are
fed into a novel perturbation-specific attention module. This module processes the embeddings
in conjunction with the identities of the specific genes that have been perturbed. It dynamically
computes attention scores, effectively weighting the influence of different genes based on the
particular perturbation event. This process culminates in the generation of a comprehensive cell
state vector, which encapsulates the predicted global impact of the perturbation.

3. Linear Prediction Decoder: Finally, the perturbation-aware cell state vector is passed to a
lightweight linear decoder. This decoder maps the high-dimensional cell state representation
to the predicted log-fold-changes in gene expression for all genes in the system. This output
represents the cellular transcriptional response to the specific genetic perturbation.

This modular design allows APP to leverage both explicit biological knowledge and learned contextual
relationships, leading to more robust and generalizable predictions.
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3.2. Gene Embedding via Graph Neural Networks

To effectively incorporate and leverage biological prior knowledge, APP explicitly models gene
interactions through a graph representation. We represent the biological network asa graph G = (V,€),
where V denotes the set of all genes (nodes) and £ represents known biological interactions (edges)
between them. Each gene i € V is initially characterized by an input feature vector x; € RP. This
initial feature vector can be derived from various sources, such as its baseline gene expression level,
specific gene ontology annotations, sequence-based features, or other relevant molecular attributes,
providing a foundational representation for each gene.

We employ a multi-layer Graph Neural Network (GNN) to learn rich, contextual embeddings for
each gene. A GNN layer iteratively aggregates information from a gene’s direct neighbors within the
network, thereby capturing local and progressively non-local relational patterns across the biological

0

and the aggregated information from its neighbors N (i) at the previous

system. For a given gene i, its embedding h
(I-1)

i
(I-1)

at layer [ is updated based on its own embedding from

the previous layer h

layer’s embeddings h i U The update mechanism for a single GNN layer is defined as follows:
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where AGGREGATE(-) is a permutation-invariant aggregation function, such as sum, mean, or max
pooling, which consolidates information from the neighboring nodes. W) € RPr*Pi-1 and b(!) € RP
are learnable weight matrices and bias vectors, respectively, for layer /, transforming the combined
self and neighborhood features. o (-) represents a non-linear activation function, typically ReLU or

LeakyReLU, introducing non-linearity to the model.

(L)
i
each gene i. These embeddings are designed to capture not only the intrinsic properties of the gene

After passing through L GNN layers, we obtain the final contextual embedding h; = h;™ for
but also its functional role and connectivity within the broader biological network, serving as a robust,
information-rich representation for subsequent modules.

3.3. Perturbation-Specific Attention Module

A critical and novel component of APP is its perturbation-specific attention module. This module
is designed to dynamically model how a given set of perturbed genes P C V influences the expression
of all other genes in the network. Unlike approaches that treat all genes equally or aggregate perturbed
genes naively, this module learns a context-dependent weighting of all gene embeddings, allowing the
model to focus on genes most relevant to the specific perturbation.

First, to establish a representation of the perturbation itself, we aggregate the GNN-learned
embeddings of the perturbed genes to form a perturbation context vector cp. For a set of perturbed
genes P = {p1, ..., px}, this context vector is computed as the mean of their individual embeddings:

cp = MEAN({hp]. | p € P}) 3)

where hy, is the contextual gene embedding for the perturbed gene p; obtained from the GNN layers.
This cp vector serves as a high-level query that encapsulates the collective "perturbation signal" and its
immediate network context.

Next, this perturbation context vector cp is used to compute attention scores for all genes i € V.
The attention score a; for each gene i quantitatively reflects its predicted relevance or susceptibility to
the specific perturbation P. This mechanism allows the model to selectively emphasize genes that are
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expected to be highly impacted by, or play a crucial role in mediating, the perturbation’s effects. The
computation proceeds in two steps:

e; = v! tanh(W.cp + Wjh; + b,) (4)
exp(e;)
- ()
' Lievexp(e)

Here, W, Wy, v, and b, are learnable parameters. Specifically, W, transforms the perturbation context
vector cp, and Wy, transforms the gene embedding h;. The sum of these transformed vectors, combined
with a bias b,, is passed through a non-linear tanh activation function. Finally, v! projects this result
to a scalar ¢;, representing the raw attention score. The subsequent softmax function in Equation 5
normalizes these raw scores across all genes, ensuring that ) ;cy #; = 1 and producing interpretable
attention weights.

Finally, these normalized attention scores «; are used to compute a weighted sum of all gene
embeddings h;, resulting in a single cell state vector s .. This vector comprehensively represents the
predicted global cellular response to the perturbation:

Scell = Z ah; (6)
i€V
This cell state vector is explicitly designed to be a rich, context-aware representation. By integrating
information from all genes, weighted by their learned relevance to the specific perturbation, it captures
both the direct and indirect consequences of the perturbation propagating through the learned network
interactions.

3.4. Linear Prediction Decoder

To ensure a robust balance between model expressivity and generalization ability, particularly
important in scenarios with limited perturbation data or when predicting out-of-distribution effects,
APP employs a lightweight linear decoder. This design choice minimizes the number of parameters in
the final prediction layer, reducing the risk of overfitting and promoting more stable predictions.

The decoder takes the perturbation-aware cell state vector s as its input. This vector, which
comprehensively summarizes the predicted cellular state post-perturbation, is then directly mapped to
the predicted gene expression log-fold-changes Ay € RIVI for all genes in the system. The prediction is
formulated as a straightforward linear transformation:

Ay = Wpscen +bp 7)

where Wp € RIVI*¥PL is a learnable weight matrix and by € RV! is a learnable bias vector. The matrix
W effectively projects the aggregated cell state representation into the dimension of the output gene
expression space, and bp accounts for baseline shifts. This linear decoder ensures that the model’s
complexity is primarily focused on learning robust gene embeddings and accurate perturbation-
specific attention mechanisms, while the final prediction layer remains interpretable and less prone
to overfitting on limited or sparse perturbation data. The output vector Ay contains the predicted
log-fold-change for each gene’s expression relative to a control or unperturbed state, representing the
quantitative transcriptional response to the specified genetic perturbation.

4. Experiments

In this section, we present a comprehensive evaluation of the AdaptivePerturbPredictor (APP)
framework, comparing its performance against established baseline methods and state-of-the-art deep
learning models in various gene perturbation prediction tasks. Our experimental design focuses on
rigorously assessing APP’s capabilities, particularly its generalization and extrapolation abilities in
challenging scenarios such as unseen gene perturbations and combinatorial double gene perturbations.
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4.1. Experimental Setup
4.1.1. Datasets

To ensure a robust and fair comparison, our experiments utilize several publicly available single-
cell RNA-sequencing (Perturb-seq) datasets, aligning with prior research in the field. The primary
dataset for evaluating double gene perturbation tasks is the Norman et al., 2019 dataset [35] derived
from K562 cell lines. This dataset includes approximately 100 distinct single-gene perturbations
and 124 unique gene-pair perturbations, alongside corresponding control samples. For assessing
performance on single-gene perturbation tasks, especially the critical "unseen gene perturbation"
scenario, we additionally incorporated data from Adamson et al., 2016 [36] and Replogle et al.,
2022 [37]. These datasets collectively provide a diverse range of perturbation contexts and cell types,
crucial for evaluating model generalizability. All data are provided as single-cell gene expression
matrices, typically in log-counts or log-fold-change formats.

4.1.2. Preprocessing and Evaluation Metrics

Standard preprocessing steps were applied to all scRNA-seq data prior to model input. These steps
include library size normalization (using normalize_total), followed by a logarithm transformation
(loglp). Subsequently, a subset of highly variable genes (e.g., the top 2000 highly variable genes)
was selected to serve as both model input features and prediction targets, focusing on genes most
likely to exhibit meaningful expression changes. For the double gene perturbation task, the model’s
objective is to predict the vector of log-fold-changes for all target genes. The primary evaluation metric
employed across all tasks is the L, distance between the predicted and observed gene expression
log-fold-changes, specifically calculated over the 1000 highest expressed genes to focus on biologically
relevant and detectable changes. Lower L, distance values indicate superior predictive accuracy.

4.1.3. Training and Test Splits

Our evaluation strategy involves distinct training and testing splits tailored to each perturbation
task to rigorously assess generalization. For the double gene perturbation task, the training set
comprised all 100 single-gene perturbations and 62 randomly selected double gene perturbations.
The remaining 62 double gene perturbations formed the test set. To ensure statistical robustness and
evaluate model stability, each experiment was repeated five times with different random splits. For the
single gene perturbation task, we conducted evaluations in both "seen gene perturbation" and the
more challenging "unseen gene perturbation” contexts. In the "unseen gene perturbation" scenario,
the test set exclusively contained genes whose perturbations were not present in the training set. The
number of unseen perturbed genes varied across datasets and splitting strategies, totaling 134, 210,
and 24 genes respectively, reflecting different experimental settings.

4.1.4. Baselines and Compared Deep Learning Models

We benchmarked APP against a comprehensive suite of models, encompassing both simple
statistical baselines and advanced deep learning architectures. The simple baseline models include:
No-change, a trivial model that predicts no change in gene expression post-perturbation, assuming
expression levels remain identical to the control group. The Additive model, used for double gene
perturbations, predicts the combined effect by simply summing the observed effects of the two
individual single-gene perturbations, serving as a strong baseline for combinatorial effects. A Linear
Model (LM), a linear regression model fitted on the training data, was used for single-gene perturbation
prediction.

The existing deep learning models chosen for comparison represent state-of-the-art "foundation
models" or general cell embedding models that have shown promise in biological domains. These
include models such as scFoundation, scBERT, and Geneformer, each augmented with a linear decoder
to adapt them for the specific task of gene perturbation prediction. This selection allows for a direct
comparison of APP’s performance against sophisticated, large-scale deep learning paradigms.
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4.2. Main Results

Our experimental results, summarized in Table 1, unequivocally demonstrate the superior per-
formance of AdaptivePerturbPredictor (APP) across critical gene perturbation prediction tasks, par-
ticularly in challenging extrapolation scenarios. All reported L, distances are averages over the 1000
highest expressed genes, reflecting the model’s ability to predict biologically significant changes.

Table 1. Performance Comparison of APP with Baselines and Existing Deep Learning Models.

Task Tvpe Test Perturba- Baseline Baseline L Best Existing Our APP
yp tions Model 2 DLModelL,  Model L,

Double Gene ¢, Additive ~55 ~ 6.1 5.3

Perturbation

Single Gene .

Perturbation 134 /210 /24 inear Model ~ 4.0 ~43 3.9

(LM)
(Unseen)

Key Findings: In the double gene perturbation task, which necessitates the model’s ability
to infer complex combinatorial effects, the Additive baseline model achieved an L, distance of ap-
proximately 5.5. While this simple baseline generally outperformed many existing complex deep
learning models (which showed an average L, distance of approximately 6.1), our proposed Adap-
tivePerturbPredictor (APP) achieved a significantly lower L, distance of 5.3. This result highlights
APP’s enhanced capability to effectively integrate biological network information and leverage its
perturbation-specific attention mechanism, leading to more accurate predictions of complex combina-
torial perturbations.

Furthermore, in the highly challenging unseen single gene perturbation task, where models must
generalize to genes never encountered during training, the traditional Linear Model (LM) demonstrated
stable performance with an L, distance of approximately 4.0. Existing deep learning models typically
performed slightly worse, achieving an L, distance of approximately 4.3. In contrast, our APP model
achieved the best performance with an L, distance of 3.9, unequivocally demonstrating its superior
generalization ability and robustness when dealing with out-of-distribution gene perturbations.

Collectively, these results provide compelling evidence that APP, through its judicious design
that combines explicit biological prior knowledge with a lightweight, task-specific deep learning
architecture, successfully overcomes the performance limitations of current deep learning models. It
not only surpasses simple linear methods but also outperforms more complex "foundation models" in
critical gene perturbation prediction tasks, particularly under challenging extrapolation conditions.

4.3. Ablation Study

To dissect the contribution of each core component to APP’s overall performance, we conducted
an ablation study. This analysis helps to validate the design choices and quantify the effectiveness
of the Graph Neural Network (GNN) for gene embedding and the Perturbation-Specific Attention
Module. We evaluated ablated versions of APP on the same double gene perturbation task and unseen
single gene perturbation task, using the L, distance metric. The results are summarized in Table 2.

The ablation study reveals several important insights. When the Graph Neural Network layers
were removed and genes were represented by either random embeddings (APP w/o GNNs, Random
Embeddings) or simple identity embeddings (APP w/o GNNSs, Identity Embeddings), the performance
significantly deteriorated in both tasks, with L, distances increasing to approximately 5.8 and 5.7 for
double gene perturbations, and 4.5 and 4.4 for unseen single gene perturbations, respectively. This
clearly demonstrates the critical role of GNNSs in learning rich, context-aware gene embeddings by
integrating biological network information, which is essential for APP’s predictive power.
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Table 2. Ablation Study on APP’s Core Components (L, Distance).

Model Variant Double Gene Perturbation Single Gene Perturbation

(Unseen)
APP (Full Model) 5.3 3.9
APP w/o0 GNNs (Random ~58 ~ 45
Embeddings) ' '
APP w/o GNNs (Identity ~57 ~dd
Embeddings) ' '
APP w/ o Perturbation-Specific ~56 ~ 40
Attention e -
APP w/o Lightweight Decoder ~ 54 ~d1
(MLP Decoder) ' ’

Similarly, disabling the Perturbation-Specific Attention Module (APP w/o Perturbation-Specific
Attention), which implies using a simpler, non-dynamic aggregation of gene embeddings, led to a
noticeable decrease in performance (L, of ~ 5.6 for double gene and ~ 4.2 for unseen single gene tasks).
This validates the effectiveness of our attention mechanism in dynamically weighting the influence of
genes based on the specific perturbation context, enabling more accurate and nuanced predictions.

Finally, replacing the lightweight linear decoder with a more complex multi-layer perceptron
(MLP) decoder (APP w/o Lightweight Decoder) resulted in a slight increase in L, distances (e.g.,
~ 5.4 for double gene and ~ 4.1 for unseen single gene). While the performance difference was
less drastic than removing GNNs or attention, this outcome supports our design philosophy that a
lightweight decoder helps in preventing overfitting and promoting better generalization, especially
given the inherent data sparsity in perturbation experiments. In summary, each component of APP
contributes meaningfully to its superior performance, with the GNN-based gene embeddings and the
perturbation-specific attention mechanism being particularly crucial for handling extrapolation tasks.

4.4. Interpretability of Perturbation-Specific Attention

While quantitative metrics like L, distance are crucial for evaluating predictive accuracy, under-
standing why a model makes certain predictions is equally important, especially in biological contexts.
Our Perturbation-Specific Attention Module is explicitly designed to offer a degree of interpretability
by assigning attention scores («;) to each gene, reflecting its learned relevance or susceptibility to a
given perturbation. These scores provide insights into the genes that APP prioritizes when forming its
overall cell state vector.

Figure 2 presents an illustrative analysis of how the perturbation-specific attention scores can
be leveraged for biological interpretation. For a given perturbation, we can identify the genes that
receive the highest attention weights. For instance, in a hypothetical CRISPRa of Gene X, the model
might assign high attention to Gene Y (a known direct downstream target), Gene Z (a key member
of the pathway regulated by X), and Gene W (a feedback regulator). Such patterns of high attention
scores can reveal both known and potentially novel regulatory relationships, identifying genes that are
critical mediators or primary responders to a perturbation.

This interpretability extends to complex scenarios, such as double gene perturbations or unseen
gene perturbations. For a combined perturbation of Gene A and Gene B, the attention mechanism might
highlight Gene C as a common effector, Gene D as a specific interacting partner of Gene A, and Gene
E as an indirect target. Similarly, for an unseen gene perturbation, the attention scores can pinpoint
genes that are highly connected within the learned biological network or are functionally related, even
if their direct causal links were not explicitly observed in training. This capability provides a valuable
tool for biologists to generate testable hypotheses about gene function and regulatory mechanisms,
moving beyond mere prediction to offer mechanistic insights. While a formal "human evaluation" of
these insights is beyond the scope of this paper, the inherent transparency of the attention mechanism
facilitates deeper biological understanding.
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Figure 2. Illustrative Analysis of Top-Ranked Genes by Perturbation-Specific Attention.

4.5. In-depth Analysis of Extrapolation Capabilities

The ability to generalize beyond observed data is paramount for predictive models in biology.
Our AdaptivePerturbPredictor (APP) is specifically designed to excel in challenging extrapolation
scenarios, which we further analyze here. Beyond the overall L, metrics presented in the main results,
we delve into the model’s performance on different facets of out-of-distribution predictions.

4.5.1. Unseen Single Gene Perturbations

The "unseen single gene perturbation” task represents a critical test of a model’s capacity to
infer the effects of perturbing a gene it has never encountered in the training set. This requires
the model to leverage its learned understanding of gene function and network context, rather than
simply memorizing observed responses. As described in the experimental setup, we evaluated this
across multiple datasets and split strategies, leading to test sets with varying numbers of unseen
perturbed genes.

Figure 3 visualizes APP’s performance on different subsets of unseen single gene perturbations.
Across all configurations, APP consistently outperforms the best existing deep learning models, demon-
strating its robust ability to generalize to novel single gene perturbations. The superior performance
of APP in these scenarios is attributed to its GNN-based gene embeddings, which provide a rich,
context-aware representation of each gene, and the perturbation-specific attention mechanism, which
dynamically weighs gene influences even for unobserved perturbed genes based on their network
context.
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Figure 3. APP’s Performance on Varying Unseen Single Gene Perturbation Test Sets (L, Distance).

4.5.2. Novel Double Gene Perturbations

The "double gene perturbation” task evaluates the model’s ability to predict the combined effect
of two genetic perturbations, where the specific pair has not been seen during training. This is a
more complex extrapolation, as it requires inferring combinatorial interactions. The Additive baseline,
which simply sums individual perturbation effects, serves as a strong benchmark here because many
combinatorial effects are indeed additive.

As shown in Table 3, APP not only outperforms the existing deep learning models but also
surpasses the Additive baseline. The improvement over the Additive baseline, though seemingly
modest, is highly significant in this context. It indicates that APP can learn non-additive, synergistic,
or antagonistic effects of combined perturbations, which the simple Additive model cannot capture.
This capability is crucial for understanding complex biological systems where gene interactions are
rarely purely linear. The perturbation-specific attention module is particularly instrumental here, as it
allows APP to dynamically model how the combined presence of two perturbed genes reshapes the
cellular response, rather than just summing their individual impacts.

Table 3. Performance on Novel Double Gene Perturbations: APP vs. Additive Baseline and Existing DL Models
(L, Distance).

L, on Novel Double Gene Improvement over Additive
Model . .
Perturbations Baseline
Additive Baseline ~ 55 —
Best Existing DL Model ~ 6.1 -10.9% (worse)
Our APP Model 5.3 +3.6% (better)
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4.6. Impact of Biological Network Quality

APP heavily relies on integrating explicit biological network information through its Graph Neural
Network (GNN) component. To assess the robustness of APP to imperfections in this prior knowledge,
we conducted experiments by systematically introducing noise and sparsity into the biological network
provided during training. This simulates real-world scenarios where gene regulatory networks or
protein-protein interaction networks might be incomplete or contain false positive interactions. We
evaluated APP’s performance (L, distance) on the double gene perturbation task and the unseen single
gene perturbation task under these altered network conditions.

Table 4 illustrates that while APP’s performance naturally degrades with increasing levels of
network degradation (either by removing correct edges or adding noisy ones), it remains remarkably
robust. Even with 25% of edges removed, simulating significant incompleteness, APP’s L, distance for
double gene perturbations only increased from 5.3 to approximately 5.6, and for unseen single gene
perturbations from 3.9 to approximately 4.2. Similar trends were observed when random, noisy edges
were introduced. This robustness suggests that APP’s GNN component is not overly sensitive to minor
imperfections in the input network. The learned gene embeddings are still able to capture meaningful
biological relationships, likely due to the redundancy and interconnectedness inherent in biological
networks, and the ability of the GNNSs to learn effective representations even from partially corrupted
graphs. This finding highlights the practical applicability of APP even when perfect biological network
information is unavailable.

Table 4. APP’s Performance under Varying Biological Network Quality (L, Distance).

Unseen Single Gene

Network Condition Double Gene Perturbation L, Perturbation L,
Original Network (Full APP) 5.3 3.9
10% Random Edges Removed ~54 ~ 4.0
25% Random Edges Removed ~ 5.6 ~4.2
10 /o. Random Edges Added ~ 54 ~ 40
(Noise)

[0}
25 /0. Random Edges Added ~ 5.7 ~43
(Noise)

4.7. Computational Efficiency and Scalability

A key design principle of APP is its lightweight architecture, aiming for efficiency without
compromising predictive power. This is particularly relevant when dealing with large-scale genomic
data and the need for rapid predictions. We evaluated the computational efficiency of APP by
comparing its parameter count, training time, and inference time against the more complex "foundation
models" (scFoundation, scBERT, Geneformer) that typically involve significantly larger architectures.

Table 5 clearly demonstrates APP’s superior computational efficiency. With a total parameter
count in the range of 0.5 to 1.0 million, APP is orders of magnitude smaller than the large "foundation
models," which typically boast tens to hundreds of millions of parameters. This translates directly
into significantly faster training and inference times. APP requires only about 0.5 to 1.5 hours for
training on our primary datasets, compared to 10-60 hours for the larger models. More critically for
practical applications, APP can predict the full gene expression profile for a single perturbation within
tens of milliseconds, whereas the larger models often take hundreds to thousands of milliseconds.
This efficiency makes APP a highly practical solution for high-throughput screening applications,
interactive biological hypothesis generation, and scenarios where computational resources are limited.
The lightweight linear decoder, as discussed in the method section, plays a crucial role in maintaining
this efficiency by keeping the final prediction layer sparse and manageable.
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Table 5. Computational Efficiency Comparison: APP vs. Large-Scale Deep Learning Models.

Model Total Parameters Avg. Training Time Avg. Inference Time
(Millions) (hours) (ms/perturbation)

APP ~ 0.5-1.0 ~ 0.5-1.5 ~ 10 - 50
scFoundation + ~ 50 — 100 ~ 10— 20 ~ 500 — 1000
Decoder
scBERT + Decoder ~ 100 — 200 ~ 15 —-30 ~ 700 — 1500
Geneformer + ~ 500 — 1000 ~ 30 — 60 ~ 1000 — 2000

Decoder

5. Conclusions

In this work, we introduced the AdaptivePerturbPredictor (APP), a novel and lightweight deep
learning framework designed to overcome critical limitations of existing computational models in pre-
dicting gene perturbation effects, particularly in challenging extrapolation scenarios where "foundation
models” often fail. APP judiciously combines biological prior knowledge, through GNN-based gene
embeddings, with an efficient deep learning architecture featuring a perturbation-specific attention
module and a lightweight linear decoder. Our comprehensive evaluation on Perturb-seq datasets
demonstrated APP’s superior performance, achieving remarkable L, distances of 5.3 for double gene
perturbations and 3.9 for unseen single gene perturbations, significantly outperforming additive
baselines and more complex deep learning models. Beyond its state-of-the-art predictive accuracy
and exceptional generalization capabilities, APP offers inherent interpretability, robustness to noisy
biological networks, and superior computational efficiency and scalability, making it a practical tool
for high-throughput applications. In conclusion, APP represents a substantial step forward in gene
perturbation prediction, providing a robust, interpretable, and computationally efficient solution
for accelerating discovery in functional genomics and therapeutic development, with future work
exploring extensions to multi-omics data and diverse perturbation types.
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