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Abstract

Predicting single-cell gene responses to chemical
perturbations is vital for personalized therapy, yet
existing deep learning models face significant hur-
dles. Standard regression-based approaches suffer
from “mean prediction bias”, failing to capture cel-
lular heterogeneity, while current Flow Matching
(FM) methods struggle with the extreme sparsity of
single-cell data and the dimensionality mismatches
inherent in transformer-based generation. To ad-
dress these challenges, we introduce sc2Flow, a
dual-stage framework that unifies discrete and con-
tinuous flow matching. sc2Flow first predicts the
binary mask of expressed genes and subsequently
models their quantitative levels using a scalable
Transformer. This decoupling effectively resolves
dimensionality conflicts and eliminates parameter
redundancy. Extensive benchmarks on Sci-Plex3
and other datasets demonstrate that sc2Flow signifi-
cantly outperforms state-of-the-art baselines on dis-
tribution matching, successfully mitigating mean
bias to preserve critical biological heterogeneity.

1 Introduction

High-throughput screening is a ‘critical technology for ad-
vancing personalized cancer therapy [Carnero, 2006], en-
abling the identification of effective drugs and key genes
through the analysis of post-perturbation gene expression
profiles [Szalai and Veres, 2023]. However, testing all possi-
ble combinations of approved drugs would require astronom-
ical resources and time [Menden et al., 2019]. Although nu-
merous deep learning—based approaches have been proposed
to predict unobserved perturbation combinations [Aliper et
al., 2016], significant challenges remain.

Single-cell drug response exhibits a high degree of hetero-
geneity. As illustrated in Fig. 1a and Fig. 1b, when a mini-
mal fraction of a cellular subtype (samples in the red box) re-
sponds to drug perturbation, other subtypes of the same cell
population remain unresponsive. Traditional deep learning
approaches for perturbation prediction, such as Variational
Autoencoders (VAEs [Kingma ef al., 2013]), typically rely on
regression objectives like Mean Squared Error (MSE). From
a statistical perspective, minimizing MSE converges to the

conditional expectation of the target distribution [Bishop and
Nasrabadi, 2006]. Thus, these models tend to predict the av-
erage of the two modes (response/non-response), resulting in
universal non-response for all samples or biologically non-
existent intermediate states. At the gene level, the same issue
persists: models tend to predict zero or underestimate its ex-
pression value.

To overcome this, Flow Matching (FM) has emerged as a
powerful generative paradigm [Lipman et al., 2022]. This ap-
proach aims to reconstruct the full target distribution rather
than merely its expectation. Even when a gene is unex-
pressed in the majority of cells, Flow Matching can learn
to “push” the appropriate probability mass toward high-
expression states for specific subpopulations.

However, existing Flow Matching methods (e.g., CellFlow
[Klein et al., 2025]) predominantly rely on MLP architec-
tures, which require fixed-dimensional inputs and outputs,
forcing the model to process the entire genome. However, in
most samples, fewer than 5% of genes are expressed (Fig. 1d
left), even after HVGs selection (Fig. 1d right). This leads
to substantial parameter redundancy, as a vast number of
weights are wasted computing invalid “zero” values. More-
over, their parameter count grows linearly with gene set size.
In contrast, Transformer [Vaswani et al., 2017] is inherently
suited for processing variable-length sequences. Its number
of parameters is independent of the input sequence length,
offering superior scalability. Although the attention mech-
anism scales quadratically, the input length is very short if
only expressed genes are processed.

Nevertheless, implementing Transformer-based FM for
perturbation prediction presents a unique technical challenge:
FM typically requires the source and target spaces to share
consistent dimensionality. However, gene set before and af-
ter perturbation are different. This creates a dimensional-
ity mismatch, preventing the direct application of Control-
to-Perturbed flow generation.

To tackle these challenges, we introduce sc2Flow, a dual-
stage flow matching framework designed to predict single-
cell drug perturbations. Our method decomposes the prob-
lem into two distinct phases: (1) Discrete Value Prediction:
The model takes the discretized expression state of control
cells (binary indicators of gene expression) and perturbation
embeddings as input to predict the post-perturbation gene ex-
pression mask using discrete flow matching [Gat ef al., 2024].
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Figure 1: Data Distribution Analysis. This figure demonstrates the distribution of single-cell perturbation data using the Sci-Plex3 dataset
as an example. (a) UMAP visualization of MCF7 gene profiles. Only a small fraction of samples respond to specific drugs (in the red box),
forming a cluster distinct from the control group. (b) Sample counts for each drug along the distribution axis. The region between the two
red lines contains no control samples, indicating that these drugs are effective only on specific cellular subtypes. (c) Comparison of UMAP
embeddings derived from continuous expression values versus discrete (binary) data. This demonstrates that even with the loss of continuous
signals, the discrete representation preserves significant perturbation information, as drugs alter not only expression levels but also the set of
expressed genes. (d) The proportion of expressed genes within the total gene pool and the Highly Variable Genes (HVGs) subset.

To investigate potential biological information loss caused
by disregarding continuous expression values, we compared
UMAP visualizations of discretized (binary) data against the
original continuous data. The results demonstrate that the dis-
crete representation preserves significant perturbation feature
(Fig. 1c). Given the enormous input dimensionality in this
stage, we employ a multi-layer residual network based on
MLPs for prediction to reduce computational costs. (2) Con-
tinuous Value Prediction: A Transformer model utilizes to-
kens from these filtered genes to predict their quantitative ex-
pression level. Since the first stage has already predicted the
target post-perturbation genes, we can construct a vector field
that maps Gaussian noise to the true expression values for
this gene subset, enabling training via flow matching while
avoiding the dimensionality mismatch problem.

Extensive experiments on Sci-Plex3 [Srivatsan et al., 2020]
and two other single-cell datasets [McFarland et al., 2020;
Zhao et al., 2021b] demonstrate that sc2Flow significantly
outperforms fully connected baselines (chemCPA [Hetzel et
al., 2022], biolord [Piran ef al., 2024]) and single-stage flow
matching models CellFlow [Klein et al., 2025]. Our contri-
butions can be summarized as follows:

e We present sc2Flow, a Transformer-based framework
that unifies discrete and continuous flow matching for
precise drug perturbation prediction.

* sc2Flow is the first method that effectively mitigates
mean prediction bias while maintaining both scalability
and high parameter efficiency.

* Extensive benchmarking across multiple datasets con-
firms that sc2Flow not only predicts expression values
accurately but also significantly outperforms existing
state-of-the-art methods in distribution matching.

2 Related Work

2.1 Encoder-Decoder based Prediction

Previous methods primarily rely on encoder-decoder frame-
works. Early approaches used VAEs to encode gene expres-
sion before and after perturbation into a latent space to pre-
dict responses on novel cell types (e.g., scGen [Lotfollahi et
al., 2019], CPA [Lotfollahi et al., 2023]). Later works in-
corporated drug structure encodings to generalize to novel
compounds (e.g., PRnet [Qi ef al., 2024], ChemCPA [Het-
zel et al., 2022], Biolord [Piran et al., 2024]). Although
these methods can achieve high scores on numerical predic-
tion metrics (such as R?), due to limitations in sequencing
technology, researchers cannot obtain paired samples before
and after perturbation. Consequently, they can only evalu-
ate the difference between the average values of all predicted
and target samples under a specific perturbation condition,
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thereby concealing the aforementioned mean prediction bias
problem. sc2Flow employs flow matching methods to miti-
gate this issue.

2.2 Flow Matching

Flow matching aims to learn a velocity field defined by Or-
dinary Differential Equations (ODEs) to construct a deter-
ministic mapping between two distributions [Lipman er al.,
2022]. By optimizing the probability flow field of the per-
turbation response rather than relying on traditional Mean
Squared Error (MSE) objectives, this approach explicitly
models the continuous trajectory of cell state transitions,
thereby mitigating mean prediction bias. Recently, many
flow matching-based models for drug perturbation prediction
(such as CellFlow) have emerged. Since flow matching re-
quires consistent input and output dimensions, even when
using Transformer architectures, these single-stage models
must include expression values for all genes. In contrast,
while sc2Flow faces the same constraint, it avoids interfer-
ence from non-expressed genes because the expressed genes
have already been filtered out during the discrete prediction
stage.

3 Methods

This section outlines the architecture and computational
methodology of sc2Flow. As illustrated in Fig. 2, the frame-
work decomposes the drug perturbation prediction task into
two independent components: (1) Discrete Flow Matching
(DFM) for predicting the binary gene expression states (i.e.,
identifying which genes are expressed), and (2) Continuous
Flow Matching (CFM) for predicting the precise expression
values of these genes.

This decoupling addresses the zero-inflation and high di-
mensionality of single-cell data, which make direct vector
prediction computationally intensive and difficult to optimize.
By filtering genes via DFM, the Transformer-based CFM can
focus on a compact sequence of relevant genes. We employ
Uni-Mol2 for 3D molecular encoding and incorporate dosage
via explicit embeddings. At inference, DFM identifies active
genes to guide CFM in generating the final perturbed profile.

3.1 Problem Definition

Traditionally, drug perturbation prediction is formulated as a
multivariate regression task. ‘In this work, we reframe it as
a conditional generative modeling problem using the Flow
Matching framework. Let X € R¥ denote the gene ex-
pression space for N genes. We define a source distribu-
tion pg representing the control group profiles x(, and a tar-
get distribution p; representing the perturbed group profiles
x1. The generation is conditioned on the perturbation context
¢ = {Cdrg, Cdose }- The goal is to learn a time-dependent vec-
tor field v;(x, c) that pushes samples from pg to p; over the
time interval ¢ € [0, 1].

3.2 Conditional Encoding

Both DFM and CFM components share a unified conditional
encoding scheme to process gene identities and drug pertur-
bations.

Gene and Drug Embeddings

For gene identification, we assign a learnable embedding vec-
tor to each gene. Let Egepe € RV >4 pe the embedding matrix
where the i-th row corresponds to the i-th gene. The process
to obtain gene identity embeddings hyepe € RV *? for sample
x € R¥ is defined as:

hgene = Egene (X) (1)

For drug representation, the SMILES string of the drug is pro-
cessed by the frozen Uni-Mol2 model. The resulting repre-
sentation is projected to the model dimension d via a linear
layer:

hne = Lineargyg (Uni-Mol2(SMILES)) € R (2)

Dosage Encoding

To incorporate dosage information, we normalize the scalar
dosage values to the range [0, 1]. This normalized scalar $gose
scales a learnable dosage embedding vector egose € R4

hgose = Sdose : €dose 3)

This multiplicative interaction ensures that the dosage mag-
nitude directly modulates the embedding intensity.

3.3 Discrete Flow Matching (DFM)

The DFM module models the transition of gene states from
the control group to the perturbed group. We treat the ex-
pression state as a binary variable (0 for unexpressed, 1 for
expressed).

Conditional Probability Path

Let x € {0,1}" represent the binary expression vector. To
apply Flow Matching on discrete data, we operate on the
probability simplex. We map the discrete states to one-hot
distributions. Let py = §(x¢) and p; = §(x1) be the prob-
ability mass functions of the source and target states, respec-
tively. We define a linear conditional probability path p;(x)
at time ¢ as:

pr = (1 —)d(x0) + t5(x1) 4)

where p; € RV*2 represents the probability of each gene
being expressed or not at time ¢. A noisy sample x; can be
drawn from this intermediate distribution:

x; ~ Categorical(p;) (5)

Velocity Prediction via ResNet
The core of DFM is to predict the flow velocity, which drives
the probability mass from¢ =0to¢ = 1.

We employ a Residual Network (ResNet) composed of
N4 = 12 MLP Residual blocks. First, the model sets two
learnable embeddings for expressed and unexpressed genes.
Let h, € RY*4 be the embedding of x;. Then, the input
to the network is the concatenation of h;, gene embeddings,
condition embeddings, and the time step embedding temp:

Hi, = COIICElt(ht, hdruga hdose7 temb) (6)
The network predicts the logits p; for the target state x:
pP1 = Softmax(ResNet(H;,)) @)

Although the model predicts the final state distribution p,
this formulation implicitly defines the vector field necessary
to reach the target.
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Figure 2: Overview of the sc2Flow Framework. The model consists of two decoupled stages based on Conditional Flow Matching. (Left
Box) Discrete Flow Matching: This stage predicts the binary expression state (expressed/not expressed) of the whole gene set. It constructs
a probability path from the control state (xo) to the perturbed state (x1) and utilizes a ResNet-based velocity field approximator to predict
the final probability mass. (Right Box) Continuous Flow Matching (CFM): Focusing only on the genes predicted to be expressed, this stage
predicts their specific continuous expression values. It employs a Transformer-based architecture with a single-stream mechanism to fuse
gene tokens with drug and dosage embeddings, mapping the initial noise distribution z to the target expression profile y.

Training Objective
Since the target x; is binary, the model is trained using the
binary cross-entropy loss averaged over all genes:

N
[z1,ilog(p1,:) + (I =21;) log(1 — p1i)]

®)

1

Lprm = N 4

=1

Inference Process

During inference, we solve the ODE defined by the predicted
vector field. The update rule for the probability p; moving
from ¢ to ¢ + h is derived from the linear path assumption.
The velocity field u; required to reach p; from p; is:

P1 — Pt
= — 9
up(x¢) 1—¢ )
Applying an Euler step:
Prin = Pr+h-w(xe) = pe + hpi;_ft (10
Finally, the discrete vector is sampled: Xy, =

Categorical(pyp). During inference, we generate the val-
ues by numerically integrating the ODE from ¢ = 0 (control)
to t = 1 (perturbation) using the predicted vector field w;.

3.4 Continuous Flow Matching (CFM)

The CFM module predicts the precise expression values. To
enhance computational efficiency, the CFM module restricts
its input exclusively to the subset of expressed genes. Dur-
ing training, we select this subset based on ground truth la-
bels to avoid being affected by the overall performance of the
DFM, thereby ensuring training stability. Conversely, during
inference, the subset is dynamically determined by the binary
states predicted by the DFM stage.

Sequence Construction

Let M be the number of expressed genes in x;. We con-
struct a sequence of tokens Y € RM*9 from x;. Each token
combines the gene’s identity embedding and its continuous
expression value. The conditional flow for the continuous
values is defined as:

yi=(1—-t)z+tys (11)

where z ~ N (0, I) is the initial Gaussian noise and y is the
target expression.

Transformer with Single-Stream Fusion

We employ a Transformer architecture to capture the interac-
tions between genes and the perturbation conditions. To effi-
ciently fuse the multimodal inputs (gene tokens, drug, dose),
we adopt a Single-Stream architecture proposed in [Cai et al.,
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2025]. We also use Sinusoidal Positional Encoding SinCos()
[Su et al., 2024] to map the scalar expression value y € R to
a vector:

Yemb = Egene(Yt) + SinCOS(Yt) (12)

Then, this sequence is processed by N. = 5 layers of
Transformer blocks. Each block consists of Multi-Head Self-
Attention (MSA) and a Feed-Forward Network (FFN), with
Adaptive Layer Norm (AdaLLN) conditioning on the time ¢.
Additionally, to stabilize training directly in the original data
space, we adopt the method of [Li and He, 2025], which di-
rectly predicts the final sample y;:

Vomn = MSA(AJaLN(Yemb, temb))

N (13)
¥1 = FEN(AdaLN( [yémb, hgrug, hyose], temb))

This allows every gene token to directly attend to the drug
and dosage information within the self-attention mechanism.

Prediction and Loss

Similar to the DFM stage, the CFM model is trained to pre-
dict the clean target data y; from the noisy input y,. The
output corresponding to the gene tokens is projected back to
the scalar expression space to obtain y;. The training objec-
tive is the Mean Squared Error (MSE):

Lorv = |91 —y1l? (14)

During inference, we generate the values by numerically in-
tegrating the ODE from ¢ = 0 (noise) to ¢ = 1 (prediction)
using the predicted vector field v; = (y1 — y¢)/(1 —1).

4 Experiment

4.1 Setup

Baseline Methods

We trained all models using their official open-source imple-
mentations with optimal hyperparameters. Detailed training
configurations are provided in the Supplementary Materials.
The baseline methods are listed as follows:

o chemCPA [Hetzel et al., 2022] is an adversarial learn-
ing method based on VAE. It demonstrates state-of-
the-art performance on single-cell drug perturbation re-
sponse benchmarks for single-drug treatments [Wei er
al., 2025].

* biolord [Piran et al., 2024] is based on VAE and enables
counterfactual predictions by disentangling the biologi-
cal state of cells from external perturbations. It has since
become a widely adopted state-of-the-art baseline in the
field.

¢ CellFlow [Klein et al., 2025] is a recent drug perturba-
tion response generation model based on Optimal Trans-
port Conditional Flow Matching, which predicts veloc-
ity fields via MLPs.

* Unpredicted is a reference method. It makes no predic-
tions and directly outputs the control group, serving to
illustrate the inherent difficulty of predicting perturba-
tion effects in the dataset.

Metrics
For the evaluation of generated molecules, we consider the
following metrics.

« R2 (Coefficient of Determination) Measures the pro-
portion of variance in the true gene expression data that
is predictable from the generated data. It quantifies the
overall fidelity of the predictions, with a higher R? indi-
cating better agreement.

* Energy Distance (ED) This parameter-free metric pro-
vides a robust, objective measure of global distribution
similarity. By capturing all statistical moments without
hyperparameter tuning, it ensures the generated popula-
tion faithfully mirrors the shape and spread of real data.

¢ Maximum Mean Discrepancy (MMD) A kernel-based
metric (using Gaussian RBF) that is particularly advan-
tageous for high-dimensional data, allowing it to cap-
ture fine-grained, local discrepancies and subtle struc-
tural differences in complex single-cell phenotypes.

Dataset
We conduct experiments on the following single-cell drug
perturbation datasets.

* Sci-Plex3 [Srivatsan er al., 2020] comprises approxi-
mately 572,853 samples, involving 3 cell lines and 188
drug perturbations. Following the practice of prior work,
we allocate the 9 drugs with the most significant pertur-
bation effects as the test set.

e McFarland [McFarland et al., 2020] contains 127,973
samples across 172 cell types treated with 11 drugs. We
create partitions based on drugs. Specifically, we gener-
ate 5 different data splits, each with 2 to 3 drugs held out
in the test set.

* Zhao [Zhao et al., 2021a] includes roughly 155,980
samples, recording the perturbation effects of 4 drugs
on Glioma. We adopt a leave-one-drug-out strategy, re-
sulting in 4 data splits where each drug serves as the test
set once.

Gene Selection
All models were trained on an identical gene panel to ensure
a fair comparison.

* HVGs: Since all baseline methods predict only a pre-
selected set of 2000 HVGs, for a fair comparison, our
method (sc2Flow) formally operates on the same full
gene set of size 2000 after normalization using log(1 +
X).

* Differentially Expressed Genes (DEGs): Since most
genes remain unchanged post-perturbation, we focus
evaluation on the top 50 DEGs per drug (identified by
Seurat). This provides a more rigorous assessment of
the model’s predictive power for biologically relevant
responses.

4.2 Results and Analysis

Robustness Across Dosage and Datasets
We evaluated sc2Flow against state-of-the-art baselines
across three datasets (Sci-Plex3, McFarland, and Zhao). The
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Figure 3: Box Plots of Performance Results on Sci-Plex3. The figure shows the distribution of results across six metrics for different methods
under four dosage conditions. An upward arrow indicates that a higher value of the metric corresponds to better model performance, while a

downward arrow indicates the opposite.

quantitative results (Table 1 and Table 2) and visual distri-
butions (Fig. 3) demonstrate that sc2Flow establishes a new
standard for perturbation prediction.

Superiority in Distributional Alignment

The most significant advantage of sc2Flow lies in its ability
to model the high-dimensional data distribution rather than
merely predicting conditional means: As shown in Table 1
and Table 2, sc2Flow achieves substantial improvements in
ED and MMD across all datasets. On'the McFarland dataset,
sc2Flow reduces the MMD by 89.5% compared to biolord
(0.639 — 0.067) and 85% compared to chemCPA. Similarly,
the Energy Distance is reduced by over 68% compared to the
strongest baseline. On the Zhao dataset, the performance gap
is even more pronounced, with sc2Flow achieving an MMD
of 0.012, an order of magnitude lower than chemCPA (0.139)
and biolord (0.633). These metrics confirm that while VAE-
based methods (chemCPA, biolord) often suffer from or aver-
aging effects—resulting in generated cells that cluster around
the mean—sc2Flow’s flow matching paradigm successfully
captures the heterogeneity of the perturbed cell populations.

Precision in Gene Expression Recovery

Beyond distribution matching, sc2Flow excels in recover-
ing precise gene expression levels, measured by R?. In
the McFarland dataset (Table 1), our model achieves an R?
of 0.901, comparable to the state-of-the-art biolord (0.907)
and significantly outperforming chemCPA (0.785). How-

Metric chemCPA biolord sc2Flow (Ours)
R21 0.785 £ 0.060* 0.907 + 0.026  0.901 + 0.023
ED | 5.304 + 0.986* 4.136 + 0.449* 1.304 + 0.329
MMD | 0.449 + 0.069* 0.639 + 0.040*  0.067 + 0.016
R? (DEGs) 1 0.798 + 0.067 0.856 + 0.061 0.857 + 0.056
ED (DEGs) | 2.256 + 0.439* 1.979 4+ 0.324*  0.858 + 0.268
MMD (DEGs) |  0.495 + 0.055* 0.583 + 0.030*  0.075 + 0.019

Table 1: Performance comparison on McFarland dataset. * indicates
t-test p < 0.01. Bold values indicate the best performance.

Metric chemCPA biolord sc2Flow (Ours)
R?4 0.700 £ 0.156 0.775 £ 0.066  0.816 + 0.124
ED | 1.261 £ 0.182* 2.396 £+ 0.192*% 0.273 + 0.174
MMD | 0.139 £ 0.011* 0.633 £0.017*  0.012 £ 0.008
R? (DEGs) 1 0.337 £ 0.486 0431 £0.214  0.520 + 0.438
ED (DEGs) | 0.796 £+ 0.033* 1.387 £ 0.068*  0.211 + 0.142
MMD (DEGs) | 0.207 +0.015* 0.547 £+ 0.004* 0.018 + 0.012

Table 2: Performance comparison on Zhao dataset. * indicates t-test
p < 0.01. Bold values indicate the best performance.

ever, in the more challenging Zhao dataset (Table 2), sc2Flow
demonstrates superior robustness, achieving the highest R? of
0.816, whereas baseline performance degrades significantly
(chemCPA: 0.700). Single-stage flow matching models like
CellFlow compress high-dimensional gene space into low-
dimensional latent vectors (e.g., 100 principal components)
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Figure 4: Visualization of Distribution Matching Performance. We compare a real sample (A549 cells treated with 0.001 uM Alvespimycin)
against the best-performing predictions (lowest MSE) from all models. The samples from left to right are derived from real data, sc2Flow,

chemCPA, and Biolord, respectively.

to manage computational cost. This compression inherently
causes information loss, leading to larger reconstruction er-
rors (Fig. 3, R? panel). In contrast, sc2Flow’s first stage
(DFM) explicitly filters non-expressed genes, allowing the
second stage (CFM) to operate on the full raw dimensionality
of the active genes without information loss.

A critical requirement for drug discovery is the ability to
predict changes in DEGs, which represent the biologically
relevant response to treatment. When evaluating specifically
on DEGs, sc2Flow maintains high R? on DEGs, whereas
baselines often show performance drops when zoomed in on
DEGs (Table 1). By explicitly modeling the “zero-inflation”
via the Discrete Flow Matching stage, sc2Flow avoids the
common pitfall of predicting small, non-zero noise values for
unexpressed genes. This ensures that the model focuses its
generative capacity on genes that are actually biologically ac-
tive, resulting in generated profiles that are biologically indis-
tinguishable from real data (Fig. 3).

We observed distinct behavioral differences between
model architectures across different perturbation intensities.
As shown in (Fig. 3), traditional models (chemCPA, biolord)
tend to default to the “unpredicted” (control) state when fac-
ing high-dose perturbations, essentially failing to capture the
strong drug effect. This demonstrates that traditional methods
are affected by the mean prediction bias problem.

In contrast, sc2Flow exhibits active predictive capabilities
at high doses. By learning the continuous velocity field from
control to perturbed states, our model effectively “pushes”
the cell representation along the correct trajectory. This is
evidenced by the consistent superiority in distribution met-
rics (ED and MMD) across the comprehensive 9-split cross-
validation on the experimental datasets, where sc2Flow out-
performed competitors in nearly all scenarios.

4.3 Visual Comparison of Generated Samples

To visualize the superior distribution matching capabilities
of sc2Flow, we analyzed the response of A549 cells to
Alvespimycin (0.001 uM). Fig. 4 displays the ground truth
sample alongside the predicted samples from each model that
achieved the minimum Mean Squared Error (MSE) relative
to the real data.

Results show that sc2Flow best aligns with the ground
truth, capturing the high sparsity and sharp peaks characteris-

tic of real gene expression. Unlike baselines that tend toward
mean-averaging, sc2Flow’s two-stage architecture first iden-
tifies expressed genes and then generates precise expression
levels. This success is driven by the Flow Matching objective,
which learns deterministic trajectories to the target distribu-
tion rather than approximating a static mean. Consequently,
sc2Flow produces high-fidelity peaks that faithfully reflect bi-
ological signals, overcoming the “mean prediction bias” of
traditional methods.

5 Conclusion

In this work, we propose sc2Flow, a Transformer-based Two-
Stage Flow Matching framework for efficient single-cell drug
perturbation prediction. Extensive experiments demonstrate
that sc2Flow significantly surpasses state-of-the-art autoen-
coder and single-stage baselines, particularly in preserving
the distributional heterogeneity of cell responses. The reasons
for sc2Flow’s strong performance include the decoupling of
discrete and continuous prediction which effectively handles
data sparsity, the explicit exclusion of non-expressed genes
to isolate the Transformer from noise, and the use of flow
matching to capture complex distributional shifts rather than
simple average effects. Moreover, sc2Flow establishes a new
efficient paradigm for in silico drug screening under resource-
constrained settings.

6 Data and Code Availability

The code and datasets for this work are available at https:
//github.com/hanwenlv-cmd/sc2Flow.
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