CELLTARNET: SINGLE-CELL PERTURBATION PRE-
DICTION USING TRANSFORMER BASED NORMALIZING
FLoOw

Shiv Shankar

University of Massachusetts
USA
sshankar@cs.umass.edu

ABSTRACT

Predicting the transcriptional response of cells to perturbations is a challenging
task as perturbation datasets often include global gene expression shifts, which
are difficult to seperate from individual expression. We present CellTarNet, a
generative framework based on transformer based normalizing flows to learn
transport from control cells to perturbed cells. The transformer encoder summa-
rizes control-cell states into a context representation, while the normalizing flow
learns a distribution over perturbed transcriptional profiles conditioned on the con-
text. We employ contrastive matching to pull predicted samples toward the true
perturbed distribution and separates them from mismatched perturbation-context
pairs. We further show how to integrate this with gene interaction graphs to better
model gene expressions. CellTarNet outperforms prior methods across multiple
benchmarks.

1 INTRODUCTION

The ability to accurately predict a cell’s transcriptomic response to a genetic knockout or a chem-
ical compound is an important challenge in computational biology (Lotfollahi et al.l 2023). In-
silico models (i.e. using computer models) for estimating perturbation outcomes carry considerable
promise for accelerating the design of novel therapeutics by enabling the rapid virtual screening
of drug candidates against specific disease cell states (Qi et al.l 2024} |Vinas Torné et al., [2025)).
Furthermore these are also important for individualized medicine where the treatments could be
adapted to an individual’s unique profile (Wang et al.|[2025). However, the traditional, purely exper-
imental approach to this problem of physically perturbing cells and measuring the outcome through
high-throughput assays is expensive, time-consuming, and fundamentally non-scalable at the level
of individual patients. Consequently, the development of models capable of predicting the outcomes
of unseen perturbations is critical for the next generation of biomedical discovery.

The biggest challenge in building such models stems from the basics of single-cell sequencing data.
Current methods render it physically impossible to observe the same biological cell both before and
after a perturbation. Instead, we must work with measurements from distinct, but matched, popu-
lations of control and perturbed cells. This reality means the task is more complex than a vanilla
regression problem: the predictions should focus not only on mean shifts but also the broader re-
sponse of cells to a specific intervention. This is important because cellular responses are rarely
uniform (Song et al., [2025). Perturbations can induce complex, higher-order effects, such as bifur-
cating cell fate pathways, increasing population heterogeneity, or selective effects on a vulnerable
subgroup that may be therapeutically relevant (Mejia et al., [2025} [Yu et al.| 2025; Theodoris et al.,
2023).

Recent advances have seen the application of large-scale foundation models, such as Geneformer
(Cui et al.} 2024b) and scGPT (Cui et al.,|2024a), which are pre-trained on massive, diverse single-
cell atlases. While these models have shown promise for biological understanding, empirical analy-
ses by |Vifias Torné et al.| (2025); |Ahlmann-Eltze et al.| (2025)); Kedzierska et al.|(2025) demonstrate
that these models often underperform simpler, well-calibrated baselines on the task of perturba-



tion prediction, particularly when standard batch correction techniques are applied to the simpler
models. This suggests that general pre-training may not be sufficient for this precise inductive task
(Kedzierska et al.| 2025)). Additionally, models that treat the genes as independent inputs often fail
to generalize to unseen cell types or out-of-distribution perturbations, as they do not capture the
context-dependent gene-gene interaction networks that govern transcriptional regulation (Aguirre
et al.,[2025; |Young et al.| 2016).

To address these challenges, we propose a novel method that combines two powerful ideas. First, we
adopt a TARNet (Zhai et al.||2024) style architecture at its core, which is naturally suited for model-
ing heterogeneous multimodal distributions. This is coupled with a contrastive training (Oord et al.,
2018)) objective that explicitly operates at the population level (Lee et al.,|2024; |[Elsharkawy & Kahn,
20235)). Instead of forcing noisy one-to-one correspondences between individual cells, this formula-
tion encourages the model to align the entire latent distribution of the generated perturbed cells with
that of the true perturbed population (Parulekar et al.,|2023). This allows the model to capture not
just the mean shift but the full shape of the response distribution, including changes in variance and
modality. Second, the transformer based backbone natively integrates prior biological knowledge.
By incorporating knowledge about dependencies, such as gene regulatory networks, protein-protein
interaction or co-expression networks, as an additional bias, we modulate the model’s self-attention
mechanism. This design prior guides the model to emphasize biologically plausible gene-gene re-
lationships, enabling it to learn context-specific regulatory logic (Young et al.,|2016; |/Aguirre et al.,
2025).

2 PRELIMINARIES

2.1 NORMALIZING FLOWS

Normalizing Flows (NFs) (Rezende & Mohamed, 2015) represent a class of probabilistic generative
models designed to construct complex probability distributions through a series of invertible, differ-
entiable transformations applied to a simple base distribution. The core objective is to perform exact
density estimation and sample generation, enabling tasks like data generation, variational inference,
and likelihood-based training.

Mathematically, let Z € R? be a random variable with a known, tractable probability density func-
tion (PDF) pz(z) (e.g., a standard multivariate normal distribution). The goal is to model a target
random variable X € R? with an unknown complex distribution p% (x). An NF defines X as a
transformation 7" of Z: x = T'(z). If T is bijective and both 7" and its inverse 7'~! are differentiable
(a diffeomorphism), the change-of-variables formula gives the exact PDF of X:

px (x) = pz(2z) |det Jp—1(x)| = pz (T (x)) |det Jp-1(x)] (1)
where Jr-1(x) = 85: is the Jacobian matrix of the inverse transformation. The log-likelihood

used for training is:

logpx(x) = long(T_l(x)) + log |det Jp-1(x)| 2)

The main challenge in NF design is creating a suitable 7" that is simultaneously a) expressive enough
to approximate complex distributions and b) has an easy to compute Jacobian determinant (Rezende
& Mohamed, 2015)).

For a general function RY — R, the Jacobian would require O(d?®) time, which makes it unscalable
for high-dimensional datasets. To address this 7' is typically implemented as a composition of K
simpler, invertible layers : T'= T o Tx_1 o ... o T7. where each layer has a simpler-to-compute
Jacobian determinant (typically O(d)). This second requirement is usually addressed by using layers
with triangular or diagonal Jacobians.

MASKED AUTOREGRESSIVE FLOW

Masked Autoregressive Flow (Papamakarios et al.,[2017) or MAF is a powerful architecture design
that combines the modeling capability of autoregressive models with the invertible transformation



framework of normalizing flows. It directly exploits the autoregressive structure inherent in sequen-
tial models to ensure that the layer has a triangular Jacobian, yielding a tractable determinant.

An autoregressive model factorizes the joint density of x as a product of conditionals:

d
p(x) = Hp($i|X1:i—1)- 3)
i=1

Each conditional is often modeled as a univariate distribution (e.g., Gaussian), whose parameters
(mean p; and scale o;) are functions of the previous variables x1.;_1.

In MAF, the transformation from the base noise z to x is defined autoregressively:

Tq — /Ji(Xlzifl)
Ui(X1:¢—1)

This is the inverse pass (from x to z). The scaling and shifting parameters (o, 11;) are predicted by
a neural network (an autoregressive conditioner) that takes x;.;_1 as input. A critical point to note
is that for many neural architectures used in such sequential models these predictions for all ¢ can
be made in a single forward pass by using masking as in the Masked Autoencoder for Distribution
Estimation (MADE) network of |Germain et al.| (2015). These masks enforce the autoregressive
dependency: the network computing parameters for x; has connections only from inputs x; where
7 <.
The generation pass (from z to x) is given by the reverse operation:

T = zi - 03(X1:-1) + pi(X1:6-1) (5)

This inversion is sequential, and constructs each component of x one by one, requiring O(d) calls
to the model, which can be slow for sampling. However, density evaluation (inverse pass) is paral-
lelizable for training. The Jacobian Jp-1 is triangular with diagonal entries determined by o;. Its
determinant is simply H?:1 1/0;(x1:i—1), which is computationally simple.

Remark. The above description applies to one single layer of MAF transformations, and forces
a single order of © being dependent on earlier components, which is not suitable in general. In
practice, one applies a permutation after each block to allow a component i to depend on other
components as well. A permutation is volume preserving and adds nothing to the Jacobian of the
overall transform.

TRANSFORMER-BASED AUTOREGRESSIVE FLOW (TARFLOW)

TARFlow(Zhai et all [2024) is a recent version of the autoregressive flow model, that intends to
utilize the Transformer (Vaswani et al., |2017) architecture’s superior capacity for modeling long-
range dependencies and complex interactions among the components, increasing the expressiveness
of the flow. TARFlow retains the fundamental MAF equations (Eqn 4,5). The main difference lies
in the function approximator for p,; and o;.

Instead of a masked feedforward network as in MADE (Germain et al.,|2015)), TARFlow (Zhai et al.,
2024)uses a causal Transformer encoder to process the input vector x.

1. Input Representation: The data vector x is embedded, often with positional encodings to
inform the model of the variable ordering crucial for autoregressive structure.

2. Causal Self-Attention: The Transformer employs masked self-attention, where the query
for position ¢ can only attend to keys and values from positions j < z. This strictly enforces
the autoregressive constraint, predictions for z; are based only on preceding elements, and
automatically makes the Jacobian triangular.

3. Parameter Prediction: The output hidden state at position ¢ from the Transformer layer is
fed into a small head network (e.g., a linear layer) to predict the parameters u; and o; for
that dimension.

The overall TARFlow model consists of stacking multiple such Transformers together (along with
reversals) after each layer to allow information to flow among all components.



2.2 RELATED WORKS

General Foundation Models: The success of large-scale pretraining on language and vision tasks
has inspired the development of foundation models for single-cell transcriptomics. Models such as
Geneformer (Cui et al., 2024b)), scBERT (Yang et al., 2022), scGPT (Cui et al., 2024a) are trained
on vast atlases of cellular expression profiles. Their objective is to learn general-purpose represen-
tations of genes and cells that can be efficiently transferred to diverse tasks with minimal additional
training. However, recent studies have highlighted their limitations in precisely modeling perturba-
tional effects (Ahlmann-Eltze et al., 2025} |Csendes et al., [2025)).

Perturbation Modeling: Various different deep learning models have been developed to predict
the outcomes of cellular perturbational intervention (Gavriilidis et al., 2024). These models often
incorporate explicit inductive biases about biological systems. CPA (Lotfollahi et al [2023) learns
a joint latent space for genes and conditions. GEARS (Roohani et al.| [2022)) attempts to integrate
gene-gene interaction networks directly into a graph-neural network architecture (Scarselli et al.
2008)). PerturbNet (Yu et al.| |2025) looks at probabilistic models for uncertainty quantification.

Generative Models: The advancements in diffusion models (Rombach et al., |2022; [Podell et al.,
2023)) has also led to rise in similar approaches for perturbation modeling. Various models such as
scDiffusion (Luo et al. |2024), CellFlow (Palma et al.| [2024), and DiffDag (Shankar, |2025), have
used diffusion models to learn transport from control cells to perturbed cell expressions. Recently,
scDFM (Anonymous|, 2026)) have proposed a robust flow matching style generative model for per-
turbation prediction.

3 CELLTARNET

Consider G to be the set of genes under consideration; we will indexed these as 1..G. A given
cell can then be represented as a vector = in R“, where component i of the vector captures the
expression level of gene g;. A paired dataset consists of tuples (xpre, Tpost c¢) where Tpre denotes
the expression levels in the unperturbed (or control) cell, and x,,s: represents the expressions in
the post-perturbation cell. The perturbation used is encoded as a binary vector ¢ € [0, 1]* where k
represents the set of perturbations. The general goal of in-silico perturbation modelling is to learn
to predict x,,4; based on the perturbation (ideally generalizing to unseen perturbations). We will
focus on learning a generative model py for the post-perturbation expressions based on the control
cell and the perturbation i.e. p(Zpost|Tpre, C)-

The proposed model is a conditional generative model designed to learn the complex distribution
P(Xpost | Xpre, €). The architecture consists of two core components: a Transformer-based Context
Model that encodes the conditioning context (Xpre, ), and a Transformer-based Autoregressive
Flow (TARFlow) that transforms a noise sequence into a sample, with the conditioning function
used for generation process attending via cross-attention to the context model’s outputs.

The model operates in the following manner during sampling: For a given conditioning pair (Xpr, ),
the conditioner produces a context representation. Simultaneously, a sequence of independent ran-
dom variables z = [21,..., 27| ~ N(0,I) is sampled from the base distribution. The flow model
fo then performs an autoregressive, invertible transformation: Xpos = f, 1(z; Xpre, €). This trans-
formation is implemented as a sequence of transformer decoder blocks where cross-attention layers
attend to the conditioner’s output.

3.1 TRANSFORMER-BASED AUTOREGRESSIVE FLOW (TARFLOW)

The context model is a standard Transformer encoder 7. Its input is the concatenated and projected
sequence:
Scond = [Eprexpre ; ECC],

where E. and E. are learned linear projections. A learnable [CLS] token is prepended to this
sequence, along with learnable position embeddings. The encoder processes this input and outputs
a sequence of contextualized embeddings H.ynq € R(G+2)xd The hidden state of the [CLS] token
serves as a global context summary, while the full sequence provides structured, position-aware
features for cross-attention.



The generative model fy is implemented as a stack of IV modified Transformer blocks, with each
block consisting of K layers forming a neural autoregressive flow. The flow operates on a sequence
s(9) = z (the noise input).

Each block ¢ first applies a permutation to its input. Each layer [ in the block then implements the
( (=1,

following sequence of operations, producing sil) from s,

1. Multi-Head Cross-Attention (MCA): Perform cross-attention from the flow sequence to
the context representation after applying normalization:

Z1 = MCA(LN(s"™),Scona) + sV
where the MCA operation is defined as:

MCA(Q,KV) = Attention(WoQ, WKV, Wy KV)

with Q = sr(li,;nl) (queries from the flow) and KV = S_,,4 (keys and values from the
context). For autoregressive flow modeling, we use full attention in this cross-attention
step, allowing each position in s to attend to all positions in S.;,4.

2. Causal Multi-Head Self-Attention (MSA): Apply masked self-attention (after normal-
ization) to capture dependencies within the flow sequence:
Y® = MSA(LN(Z")) +z"
where the MSA operation uses a causal mask M to ensure autoregressive generation:
MSA(X) = Attention(W X, WX, Wy X, M)

with M; ; = —oo for j > 4 (positions cannot attend to future positions).

3. Multilayer Perceptron (MLP): Apply position-wise feedforward transformation with
GeLU based activation:

Z) = MLP(Y (V)

norm

) +Y®

This ordering—cross-attention first, then self-attention—allows the conditioning information from
(Xpre, €) to first modulate the flow representation before the self-attention captures dependencies
within the generated sequence.

For autoregressive modeling, we use the output of each block to parameterize affine transforma-

tions. After each TarFlow layer [, we extract affine parameters from the transformed representation.
(K)
i

Specifically, from s;”’, we compute a per position output:

[/J/v 0’.] = MLPafﬁne(Z(l))
where p, o are the shift and log-scale parameters. These define the affine parameter transformation

for the input of the transformer block. i.e. flow transformation between layers is :

sgi)l =59 @ exp(a) + p

with the log Jacobian determinant contribution:

d

T=323 e

t=1 j=1

Training maximizes the log-likelihood via the change-of-variable formula:

LaiL = _]E(xpm,xp,e,c)ND [IngZ(fG (Xpost; Xopre C)) + j} .



3.1.1 DENOISING REGULARIZATION FOR CONDITIONING ROBUSTNESS

To prevent the flow from ignoring the X input and relying solely on the noise and perturbation
label c, a specific a form of mode collapse, we introduce a dual denoising training task.

For each training tuple (Xpost, Xpre, C):

1. Primary Task: We create a noisy pre-state Xpre = Xpre + €, € ~ N (0, Egiaqg) Where Xiqg
is the diagonal of the covariance of the expression in the training data. The model is trained

to predict the true X from the noisy context (Xpr, ¢), yielding loss Eﬂ(’fi.

2. Auxiliary Denoising Task: Using the same model weights, we also train it to denoise
the pre-state. Here, the input is the noise sequence z, the target is the clean x., and the

condition is (Xpre, ¢ = 0) (i.e., a null perturbation). This yields loss LRy .

The combined flow loss is:

['Flow = EPN%L + /\denoise : EPNIED
This auxiliary task forces the conditioner’s Transformer encoder to learn a robust, noise-invariant
representation of X, which is then indispensable for the primary generation task.

3.1.2 CONTRASTIVE LEARNING FOR DISTRIBUTIONAL ROBUSTNESS

Maximizing likelihood alone can lead to a model that produces an overly compact distribution,
underestimating skewness and spread or excessive mode covering behaviour. To promote learning
of the distributional nuances, we add a contrastive objective in the latent space of the flow. We
leverage the fact that the flow defines a bijection between a data point X, and its latent code
z = fo(Xpost; Xpre, €). A well-formed conditional distribution should map samples from the same
conditional distribution to a coherent region in Z-space, and separate them from samples from other
distributions.

Positive/Negative Pair Construction

* Anchor: A latent code z; = fy (Xéf))st; xp(,f.g7 c®).

©)

* Positive: The latent code from a different sample X0

that shares the same pre-state and
perturbation (xl()ﬁ):, c®).

* Negatives: Two types:

(4)

post DUt conditioned

1. Different Context, Same Post-State: Latent codes for the same x

on a different context (x](fe)7 c®)) where c(®) £ ¢,

O]

2. Same Context, Different Post-State: Latent codes for a different post-state Xpq

drawn from the same batch, conditioned on the anchor’s context (xl()ﬁg, c®).

Let g,, be a projection head that maps latent codes to an embedding space. The InfoNCE contrastive
loss (Oord et al., 2018) for anchor 7 is:
exp(sim(e;, e;)/T)
g - : - >
exp(sim(e;,e;)/7) + ZmeNm(i) exp(sim(e;, en,)/7) + Zne/\fp‘,\[(i) exp(sim(e;, e,)/T)

where e = g, (z), sim is cosine similarity, T is temperature, and /\fc[x,/\/post are the sets of context
and post-state negatives. The total loss is Lcon is just the average over samples.

£ —lo

Cont —

This objective encourages the flow’s latent space to be semantically structured: points conditioned
on the same context are pulled together, while impostors are pushed away, leading to a richer, more
calibrated output distribution.

The final objective for training the model end-to-end is:

ETotal = EF]OW + )\cont . EConta

where Ao balances the contrastive regularization. This framework ensures the model learns a
powerful conditional generative process that is faithful to the precise input context and capable of
capturing the inherent stochasticity and multimodality of cellular perturbation responses.



3.2 GENE NETWORKS AS ATTENTION PRIOR

Transformers are known to attend on weak features and correlations, especially when dealing with
data much smaller than their expression capacity (Correia et al., [2019). This is exacerbated in high
dimensional conditioning models, as one often has very few samples for a given condition variable
(Roy et al.l |2021). While contrastive learning can reduce this to an extent (Parulekar et al.| [2023)),
a more natural way to fix this is to use knowledge priors (Roy et al. 2021). This is particularly
important in perturbation modeling, where sparse regulatory networks often determine the gene
expression (Aguirre et al., [2025).

Using transformer based conditioning in TARFlow models provides a natural way to incorporate
such priors. Specifically given some form of dependence graph, we can use that along with the
masking operation to prevent genes from attending on irrelevant factors. While in an ideal world, we
might provide the exact gene dependence network, more realistically one needs to infer it from data
(Young et al.l 2016). Following existing works, we use the correlation matrix of gene expressions.
Specifically given the correlation matrix, we use the top-k highest correlated (positive or negative)
genes for each gene. Next we additionally use a low-rank approximation of the correlation matrix
to determine a second subset of genes of genes to attend for each gene. Earlier work has shown that
such L+S methods are better than individual methods (Chang et al.,[2015). We use a binarized L+S
matrix to construct the sparse attention matrix used in the Self-Attention parts of the transformer in
the flow model (not the context model).

4 EXPERIMENTS

Evaluation Protocol We employ the Norman combinatorial gene-perturbation dataset (Norman
et al.| [2019), which comprises CRISPR-based overexpression perturbations in the K562 cell line,
including both single-gene and paired double-gene perturbations. To rigorously test generalizabil-
ity, we adopt the “harder hold-out” protocol, wherein specific paired perturbation combinations are
systematically excluded from the training data (Lopez et al.,|2023). The model’s performance is then
assessed on its ability to predict outcomes for these unseen combinatorial perturbations, simulating
a realistic scenario where not all possible combinations can be empirically profiled.

As no standard train-test split is established for this benchmarks, we perform an evaluation using
10-fold cross-validation, reporting aggregated performance across all folds. For preprocessing the
data we follow the protocol described by |Ahlmann-Eltze et al.|(2025).

Baselines We benchmark our method against a suite of baselines models, encompassing several

different approaches. These include: CPA (Lotfollahi et al.l |2023) an autoencoder-based model
integrating perturbation and covariate information; GEARs (Roohani et al} 2022)) a graph-neural
network approach explicitly modeling gene interactions; the foundation models Geneformer (Cui
et al., 2024b), scGPT (Cui et al., |2024a)) and the more recent approaches of Cellflow (Palma et al.,
2024) and STATE (Adduri et al.,[2025)).

Evaluation Metrics Performance is quantified across three complementary axes to provide a
holistic view of model capability:

* Pointwise Reconstruction Accuracy: Measured via standard regression metrics: Mean Ab-
solute Error (MAE), Mean Squared Error (MSE), and the Pearson correlation coefficient
between predicted and observed expression values for each gene. Following [Vifias Torné
et al.| (2025), we also report Pearson A, which adjusts for the control-perturbation baseline
bias.

¢ Perturbation Specificity: Evaluated using the perturbation discrimination score (PDS) (Wu
et al., 2024} [Liu et al., [2025). This metric assesses whether the model correctly produces
distinct expression profiles for distinct perturbation inputs, emphasizing specificity.

» Effect Ranking: Assessed via the Spearman rank correlation between the predicted and true
gene expression profiles. This metric evaluates the model’s ability to correctly capture the
relative ordering of gene expression levels, which is important for downstream biological
interpretation.



Results on Norman Dataset Our model demonstrates strong overall performance, achieving the

best scores across most metrics (reported in Table [T). It records the lowest reconstruction metrics
(L2, MSE, MAE) outperforming the next-best baselines by approximately 4.5%, 4%, and 3%, re-
spectively. Our model also does better on the PDS score as well as the adjusted Pearson A. We
additionally see that GEARS does well on correlation metrics but does not do good reconstruction.
scGPT is both bad at reconstruction and prediction direction correlation (DE-Spearman). The re-
cent STATE model is quite poor at reconstruction. Finally, Geneformer generally seems to be a
competitive baseline when it comes to generalization.

Table 1: Comparison of different methods across evaluation metrics on Norman holdout. Control
refers to the mean expression from control cells

Model L2 ] MSE| MAE| DE-Spearmanp{ Pearson A1 PDS1 Pearson A T
Control 49272  0.02495 0.05149 - - 0.6471 0.1552
scGPT 43909 0.01911 0.04324 -0.0801 0.6620 0.6797 0.3369
GEARS 4.3540 0.01886 0.08456 0.4484 0.8719 0.8046 0.3007
Geneformer  2.4677  0.00612 0.02862 0.5049 0.8857 0.8879 0.7353
CPA 7.0673  0.04314 0.09674 04212 0.4804 0.7303 0.2924
STATE 22.8098 0.3958  0.3304 0.4903 0.0076 0.6598 -0.0026
CellFlow 2.5052  0.00547 0.02852 0.6098 0.8361 0.8937 0.7809
Ours 2.3581  0.00526 0.02765 0.7089 0.9103 0.9066 0.8356

5 CONCLUSION

We present a model for conditional modeling of gene expressions response to perturbations based on
paired single cell dataset. The two major insight of our model are: a) to utilize contrastive training as
additional supervision during generative modeling; and b) to use a matrix based on co-occurrence to
regularize attention during sample generation. The former allows our model to successfully captures
the full distributional shift induced by a perturbation, while also learning to seperate the effects of
different perturbations. The latter allows the model’s attention mechanism to be guided by plausible
gene-gene interactions, improving generalization to unseen perturbations. Initial experiments on
genetic perturbation experiments show strong prediction performance, especially on generalizing to
unseen predictions.

MEANINGFULNESS STATEMENT

This work helps us learn meaningful representations of life by modeling how cells, the fundamental
units of life, respond to change. Our method predicts the full distribution of a cell population’s
response to a perturbation, allowing it capture the biological complexity of heterogeneous cellular
response to treatments. By incorporating approximation of biological networks into the model, we
ensure the learned representations reflect genuine gene regulatory mechanisms.

REFERENCES

Abhinav K Adduri, Dhruv Gautam, Beatrice Bevilacqua, Alishba Imran, Rohan Shah, Mohsen
Naghipourfar, Noam Teyssier, Rajesh Ilango, Sanjay Nagaraj, Mingze Dong, et al. Predicting
cellular responses to perturbation across diverse contexts with state. BioRxiv, pp. 2025-06, 2025.

Matthew Aguirre, Jeffrey P Spence, Guy Sella, and Jonathan K Pritchard. Gene regulatory network
structure informs the distribution of perturbation effects. PLOS Computational Biology, 21(9):
e1013387, 2025.

Constantin Ahlmann-Eltze, Wolfgang Huber, and Simon Anders. Deep-learning-based gene pertur-
bation effect prediction does not yet outperform simple linear baselines. Nature Methods, 22(8):
1657-1661, 2025.

Anonymous. scdfm: Flow matching for ro- bust single-cell perturbation prediction. In /CLR, 2026.



Young Hwan Chang, Roel Dobbe, Palak Bhushan, Joe W Gray, and Claire J Tomlin. Reconstruction
of gene regulatory networks based on repairing sparse low-rank matrices. IEEE/ACM transactions
on computational biology and bioinformatics, 13(4):767-777, 2015.

Gongalo M Correia, Vlad Niculae, and André FT Martins. Adaptively sparse transformers. arXiv
preprint arXiv:1909.00015, 2019.

Gerold Csendes, Gema Sanz, Krist6f Z Szalay, and Bence Szalai. Benchmarking foundation cell
models for post-perturbation rna-seq prediction. BMC genomics, 26(1):393, 2025.

Haotian Cui, Chloe Wang, Hassaan Maan, Kuan Pang, Fengning Luo, Nan Duan, and Bo Wang.
scgpt: toward building a foundation model for single-cell multi-omics using generative ai. Nature
methods, 21(8):1470-1480, 2024a.

Zhanbei Cui, Tongda Xu, Jia Wang, Yu Liao, and Yan Wang. Geneformer: Learned gene com-
pression using transformer-based context modeling. In ICASSP 2024-2024 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 8035-8039. IEEE, 2024b.

Ibrahim Elsharkawy and Yonatan Kahn. Contrastive normalizing flows for uncertainty-aware pa-
rameter estimation. arXiv preprint arXiv:2505.08709, 2025.

George [ Gavriilidis, Vasileios Vasileiou, Aspasia Orfanou, Naveed Ishaque, and Fotis Psomopoulos.
A mini-review on perturbation modelling across single-cell omic modalities. Computational and
Structural Biotechnology Journal, 23:1886, 2024.

Mathieu Germain, Karol Gregor, Iain Murray, and Hugo Larochelle. Made: Masked autoencoder for
distribution estimation. In International conference on machine learning, pp. 881-889. PMLR,
2015.

Kasia Z Kedzierska, Lorin Crawford, Ava P Amini, and Alex X Lu. Zero-shot evaluation reveals
limitations of single-cell foundation models. Genome Biology, 26(1):101, 2025.

Chang Won Lee, Selina Leveugle, Svetlana Stolpner, Chris Langley, Paul Grouchy, Jonathan Kelly,
and Steven L Waslander. Flowclas: Enhancing normalizing flow via contrastive learning for
anomaly segmentation. arXiv preprint arXiv:2411.19888, 2024.

Qiyuan Liu, Qirui Zhang, Jinhong Du, Siming Zhao, and Jingshu Wang. Effects of distance metrics
and scaling on the perturbation discrimination score, 2025. URL https://arxiv.org/abs/
2511.16954.

Romain Lopez, Natasa Tagasovska, Stephen Ra, Kyunghyun Cho, Jonathan Pritchard, and Aviv
Regev. Learning causal representations of single cells via sparse mechanism shift modeling.
In Proceedings of the Second Conference on Causal Learning and Reasoning, volume 213 of
Proceedings of Machine Learning Research, pp. 662—-691, 2023.

Mohammad Lotfollahi, Anna Klimovskaia Susmelj, Carlo De Donno, Leon Hetzel, Yuge Ji, Igna-
cio L Ibarra, Sanjay R Srivatsan, Mohsen Naghipourfar, Riza M Daza, Beth Martin, et al. Predict-
ing cellular responses to complex perturbations in high-throughput screens. Molecular systems
biology, 19(6):e11517, 2023.

Erpai Luo, Minsheng Hao, Lei Wei, and Xuegong Zhang. scdiffusion: conditional generation of
high-quality single-cell data using diffusion model. Bioinformatics, 40(9):btae518, 2024.

Gabriel M Mejia, Henry E Miller, Francis JA Leblanc, Bo Wang, Brendan Swain, and Lucas Paulo
de Lima Camillo. Diversity by design: Addressing mode collapse improves scrna-seq perturbation
modeling on well-calibrated metrics. arXiv preprint arXiv:2506.22641, 2025.

Thomas M Norman, Max A Horlbeck, Joseph M Replogle, Alex Y Ge, Albert Xu, Marco Jost,
Luke A Gilbert, and Jonathan S Weissman. Exploring genetic interaction manifolds constructed
from rich single-cell phenotypes. Science, 365(6455):786-793, 2019.

Aaron van den Oord, Yazhe Li, and Oriol Vinyals. Representation learning with contrastive predic-
tive coding. arXiv preprint arXiv:1807.03748, 2018.


https://arxiv.org/abs/2511.16954
https://arxiv.org/abs/2511.16954

Alessandro Palma, Till Richter, Hanyi Zhang, Andrea Dittadi, and Fabian J Theis. cellflow: a
generative flow-based model for single-cell count data. In ICLR 2024 Workshop on Machine
Learning for Genomics Explorations, 2024.

George Papamakarios, Theo Pavlakou, and Iain Murray. Masked autoregressive flow for density
estimation. Advances in neural information processing systems, 30, 2017.

Adbvait Parulekar, Liam Collins, Karthikeyan Shanmugam, Aryan Mokhtari, and Sanjay Shakkot-
tai. Infonce loss provably learns cluster-preserving representations. In The Thirty Sixth Annual
Conference on Learning Theory, pp. 1914-1961. PMLR, 2023.

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas Miiller, Joe
Penna, and Robin Rombach. Sdxl: Improving latent diffusion models for high-resolution image
synthesis. arXiv preprint arXiv:2307.01952, 2023.

Xiaoning Qi, Lianhe Zhao, Chenyu Tian, Yueyue Li, Zhen-Lin Chen, Peipei Huo, Runsheng Chen,
Xiaodong Liu, Baoping Wan, Shengyong Yang, et al. Predicting transcriptional responses to novel
chemical perturbations using deep generative model for drug discovery. Nature Communications,
15(1):9256, 2024.

Danilo Rezende and Shakir Mohamed. Variational inference with normalizing flows. In Interna-
tional conference on machine learning, pp. 1530-1538. PMLR, 2015.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pp. 10684—10695, 2022.

Yusuf Roohani, Kexin Huang, and Jure Leskovec. Gears: Predicting transcriptional outcomes of
novel multi-gene perturbations. BioRxiv, pp. 2022-07, 2022.

Aurko Roy, Mohammad Saffar, Ashish Vaswani, and David Grangier. Efficient content-based sparse
attention with routing transformers. Transactions of the Association for Computational Linguis-
tics, 9:53-68, 2021.

Franco Scarselli, Marco Gori, Ah Chung Tsoi, Markus Hagenbuchner, and Gabriele Monfardini.
The graph neural network model. /IEEE transactions on neural networks, 20(1):61-80, 2008.

Shiv Shankar. Diffdag: Diffusion dag models for modeling gene perturbations. In NeurIPS 2025
Workshop on Al Virtual Cells and Instruments: A New Era in Drug Discovery and Development,
2025.

Bicna Song, Dingyu Liu, Weiwei Dai, Natalie F McMyn, Qingyang Wang, Dapeng Yang, Adam
Krejci, Anatoly Vasilyev, Nicole Untermoser, Anke Loregger, et al. Decoding heterogeneous
single-cell perturbation responses. Nature cell biology, pp. 1-12, 2025.

Christina V Theodoris, Ling Xiao, Anant Chopra, Mark D Chaffin, Zeina R Al Sayed, Matthew C
Hill, Helene Mantineo, Elizabeth M Brydon, Zexian Zeng, X Shirley Liu, et al. Transfer learning
enables predictions in network biology. Nature, 618(7965):616-624, 2023.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural informa-
tion processing systems, 30, 2017.

Ramon Viiias Torné, Maciej Wiatrak, Zoe Piran, Shuyang Fan, Liangze Jiang, Sarah A Teichmann,
Mor Nitzan, and Maria Brbié. Systema: a framework for evaluating genetic perturbation response
prediction beyond systematic variation. Nature Biotechnology, pp. 1-10, 2025.

Ken Wang, Neil John Parrott, and Thierry Lavé. Embracing the future of medicine with virtual
patients. Drug Discovery Today, pp. 104322, 2025.

Yan Wu, Esther Wershof, Sebastian M Schmon, Marcel Nassar, Btazej Osiriski, Ridvan Eksi, Zichao
Yan, Rory Stark, Kun Zhang, and Thore Graepel. Perturbench: Benchmarking machine learning
models for cellular perturbation analysis. arXiv preprint arXiv:2408.10609, 2024.

10



Fan Yang, Wenchuan Wang, Fang Wang, Yuan Fang, Duyu Tang, Junzhou Huang, Hui Lu, and
Jianhua Yao. scbert as a large-scale pretrained deep language model for cell type annotation of
single-cell rna-seq data. Nature Machine Intelligence, 4(10):852-866, 2022.

William Chad Young, Ka Yee Yeung, and Adrian E Raftery. A posterior probability approach for
gene regulatory network inference in genetic perturbation data. arXiv preprint arXiv:1603.04835,
2016.

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

Shuangfei Zhai, Ruixiang Zhang, Preetum Nakkiran, David Berthelot, Jiatao Gu, Huangjie Zheng,
Tianrong Chen, Miguel Angel Bautista, Navdeep Jaitly, and Josh Susskind. Normalizing flows
are capable generative models. arXiv preprint arXiv:2412.06329, 2024.

11



	Introduction
	Preliminaries
	Normalizing Flows
	Related Works

	CellTARNet
	Transformer-based Autoregressive Flow (TarFlow)
	Denoising Regularization for Conditioning Robustness
	Contrastive Learning for Distributional Robustness

	Gene Networks as Attention Prior

	Experiments
	Conclusion

