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ABSTRACT

Generative modeling of single-cell RNA-seq data is crucial for tasks like trajectory
inference, batch effect removal, and simulation of realistic cellular data. However,
recent deep generative models simulating synthetic single cells from noise operate
on pre-processed continuous gene expression approximations, overlooking the
discrete nature of single-cell data, which limits their effectiveness and hinders the
incorporation of robust noise models. Additionally, aspects like controllable multi-
modal and multi-label generation of cellular data remain underexplored. This work
introduces CellFlow for Generation (CFGen), a flow-based conditional generative
model that preserves the inherent discreteness of single-cell data. CFGen reliably
generates whole-genome, multi-modal, single-cell data, improving the recovery of
crucial biological data characteristics while tackling relevant generative tasks such
as rare cell type augmentation and batch correction. We also introduce a novel
framework for compositional data generation using Flow Matching. By showcasing
CFGen on a diverse set of biological datasets and settings, we provide evidence
of its value to the fields of computational biology and deep generative models.

1 INTRODUCTION

Single-cell transcriptomics has revolutionized our ability to study cell heterogeneity, revealing critical
biological processes and cellular states (Rozenblatt-Rosen et al., 2017). Advances in single-cell RNA
sequencing (scRNA-seq) enable high-throughput gene expression profiling across thousands of cells,
providing valuable insights into cellular differentiation (Gulati et al., 2020), disease progression (Zeng
& Dai, 2019), and responses to drug perturbations (Ji et al., 2021). Recognizing the complexity of
a cell’s molecular state, modern studies increasingly integrate additional measurements beyond gene
expression, such as DNA accessibility (Grandi et al., 2022) to better characterize gene regulatory
mechanisms (Baysoy et al., 2023) or spatially resolved measurements to understand tissue orga-
nization (Marx, 2021). Yet, technical bias and high experimental costs still hinder the homogeneous
profiling of all possible cell states within the inspected biological process. Generative modeling offers
a powerful approach to address these challenges by synthesizing biologically meaningful single-cell
data, thereby uncovering underexplored cellular states and improving downstream analyses.

Generative models for single-cell data, in particular Variational Autoencoders (VAEs), have been
extensively employed in representation learning (Lopez et al., 2018), perturbation prediction (Lot-
follahi et al., 2019; 2023; Hetzel et al., 2022) and trajectory inference (Gayoso et al., 2023; Chen
et al., 2022). Recently, more complex approaches leveraging diffusion-based models (Luo et al.,
2024) or Generative Adversarial Networks (GAN) (Marouf et al., 2020) have paved the way for the
task of synthetic data generation, demonstrating promising performance on realistic single-cell data
modeling. Single-cell transcriptome data is inherently discrete, as gene expression is collected as the
number of transcribed gene copies found experimentally. Due to the incompatibility of discrete data
with continuous models such as Gaussian diffusion (Yang et al., 2023), most approaches generate data
pre-processed through normalization and scaling. This limits their flexibility to support downstream
tasks centered around raw counts, such as batch correction (Lopez et al., 2018), differential gene
expression (Love et al., 2014; Chen et al., 2025; Heumos et al., 2024), and analyses where the
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Figure 1: The CFGen generative model. A noise vezgosampled from a Gaussian prigs is transformed

into a latent cell representatian by a compositional ow, conditioned on multiple biological and technical
attributes. Decoders for gene expression and DNA accessibilityzmepthe parameters of negative binomial

and Bernoulli noise models, from which single-cell gene expression and DNA accessibility peaks are sampled.

total number of transcripts in a cell is meaningful (Gulati et al., 2020). Additionally, technical and
biological effects in single-cell counts have been formalized under effective discrete noise models
(Hafemeister & Satija, 2019), which should be incorporated into generative models for single-cell
data to better approximate the underlying data generation process.

In this work, we present CellFlow for Generation (CFGen) (Fig. 1), a conditional ow-based
generative model designed to reproduce multi-modal single-cell discrete counts realistically.
Our approach combines the expressiveness of recent Flow Matching techniques (Albergo &
Vanden-Eijnden, 2023; Liu et al., 2023; Lipman et al., 2023; Dao et al., 2023; Tong et al., 2024)
with modeling the statistical properties of single-cell data across multiple modalities, each following
a distinct discrete likelihood model. Moreover, we extend the current literature on Flow Matching
by introducing the concept @ompositional guidancesnabling the generation of cells conditioned

on single attributes or combinations thereof in a controlled setting.

We evaluate CFGen across multiple biological datasets, demonstrating its advantages in generative
performance and downstream applications. Our main contributions are as follows:

* We introduce CFGen, a generative model for discrete multi-modal single-cell data that explicitly
accounts for its key statistical properties under a speci ed noise model.

* We extend the Flow Matching framework to incorporate guidance for compositional generation
under multiple attributes.

» We show that our model's full-genome generative performance consistently outperforms existing
single-cell generative models qualitatively and quantitatively on multiple biological datasets.

« We showcase the application of CFGen in enhancing downstream tasks, including robust data
augmentation for improved classi cation of rare cell types and batch correction.

2 RELATED WORK

The synthetic generation of single-cell datasets is a well-established research direction pioneered
by models using standard probabilistic methods to estimate gene-wise parameters in a single
modality (Zappia et al., 2017; Li & Li, 2019) or multiple modality setting (Song et al., 2024). With

the advent of deep generative models, VAE-based approaches have proven remarkably exible,
offering popular tools for batch correction (Lopez et al., 2018), modality integration (Gayoso et al.,
2021), trajectory inference (Gayoso et al., 2023), and perturbation prediction (Lotfollahi et al., 2019;
Bereket & Karaletsos, 2023). Despite their relevance, most of the mentioned approaches focus on
learning meaningful cellular representations or counterfactual predictions rather than generating
synthetic datasets from noise. Such a task has instead been extensively explored by other works
leveraging the expressive potential of diffusion models (Luo et al., 2024; Huang et al., 2025),
Generative Adversarial Networks (GANs) (Marouf et al., 2020) and Large Language Models (LLMs)
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(Levine et al., 2024) to produce realistic cells that approximate the observed data distribution. Our
technical contribution builds upon Flow Matching (Albergo & Vanden-Eijnden, 2023; Liu et al.,
2023; Lipman et al., 2023), an ef cient formulation of continuous normalizing ows for generative
modeling. Since its introduction, Flow Matching has been successfully applied to optimal transport
(Tong et al., 2024; Eyring et al., 2024; Pooladian et al., 2023), protein generation (Jing et al., 2023;
Yim et al., 2023), interpolation on general geometries (Chen & Lipman, 2024; Kapusniak et al.,
2025), and guided conditional generation (Zheng et al., 2023). Finally, Flow Matching showed
promising performance in tasks involving scRNA-seq, such as learning cellular evolution across
time (Tong et al., 2024; Kapusniak et al., 2025) and responses to drugs (Klein et al., 2025).

3 BACKGROUND

3.1 DEEP GENERATIVE MODELING OF SINGLECELL DATA

Single cells are represented as high-dimensional vectors of discrete counts, where each feature
corresponds to a gene and its measurement re ects the number of transcripts detected in a cell.
Technical bias and biological variation lead to unique characteristics in cells, inclapargity
andover-dispersionSparsity arises from genes being inactive in speci c cellular states (biological
cause) or due to measurement dropouts in SCRNA-seq (technical cause). Over-dispersion refers to
the presence of greater variance than one would expect from a simple Poisson distribution of the
count data (where the gene-wise variance equals the mean). This phenomenon is especially visible
in highly expressed genes. Over-dispersed counts are typically modeled using a Negative Binomial
(NB) distribution, parameterized by a mearmand an inverse dispersion parameteFormally, given

a nonnegative count expression maix2 N € with N cells andG genes, entries,g of the
expression matrix are assumed to follow the negative binomial model:

Xng  NB( ng; ¢); (1)

where ng 2 R ¢ is acell-gene-speci ¢ mean ang 2 R g is the gene-speci c inverse dispersion.
Thus, we assume each cell has an individual mean, while over-dispersion is modeled gene-wise. This
parameterization of the negative binomial can be derived from a Poisson-gamma mixture, providing
a natural formulation for the scRNA-seq likelihood (see Appendix B.1).

When scRNA-seq is coupled with information on DNA accessibility, transcription measurements
are complemented by a binary matBx 2 f 0; 1gN P, whereP is the number of DNA regions

pro led for accessibility measured as the presence (1) or absence (0) of a signal peak. Here, each
measurement independently follows the Bernoulli mdglgl Bernoulli( np), with p indicating

a cell-gene-speci c success probability.

In most single-cell representation learning settings, a deep latent variable model is trained to map
a latent space to the parameter space of the noise model via a decoder maximizing the log-likelihood
of the data. Given a latent cell statethe likelihood parameters of each modality are inferred as

; = softmax(h (2)) ; =sigmoid(h (2)) ; (2)

whereh andh are modality-speci ¢ decoders ads the size factor, de ned as the total number
of counts of the generated cell. The vectarepresents gene expression proportions.

3.2 CONTINUOUS NORMALIZING FLOWS AND FLOW MATCHING

Continuous Normalizing Flows (CNF).Chen et al. (2018) introduced CNFs as a generative model
to approximate complex data distributions. Given data in a continuous damaiR?, we de ne a
time-dependent probability pagh: [0;1] RY! R o, transforming a tractable prior density into

a more cgmplex data density, where we indicate the probability path at titnasp; : RIT R o
such that p¢(z) dz = 1. The probability path is formallgeneratedy a time-dependent smooth
vector eldu, : R9! RY, witht 2 [0; 1], satisfying the continuity equatio% =r (pu). The
eld u, is the time-derivative of an invertiblew  : RY! RY following the Ordinary Differential
Equation (ODE)J‘—t t(zo) = ui( ¢(z0)), where o(zp) = zp andzg is sampled fronpy. The
ow ¢ de nes a push-forward transformatign=1[ ] po, transforming the priopg into the data
densityp;. In other words, learning the vector elat that governs the ow allows transporting
samples fronpg to p; by solving the ODE.
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Flow Matching. Assume the goal is to model a complex data distributipfrom a prior

po by legrning a continuous normalizing ow. One can marginalize the probability pats
pi(z) = pt(zjz1)q(z1)dzs, wherez; indicates a sample from the data distributépendp; ( jz1) isa
conditional probability pathransporting noise ta; under the boundary conditiops(zjz1) = po(2)
andpi(zjzy) (z z;). Here, denotes a Dirac delta measure, which places all probability mass
atz,. Note that, at = 1, the marginal distributiop; approximates the data distributignFollowing

the continuity equatior (z) is generated by thmarginal velocity eldu,(z) that satis es

pe(zjza)d(z1) .
p(z) O ®)

whereu, (zjz;) is calledconditional vector eld Directly regressingi; (z) is intractable. However,
Lipman et al. (2023) show that minimizing the Flow Matching objective

Lem( ) = Evu ogq(za)ipe zizy) GiVe (2)  ue(zjza)jj? 4)

corresponds to learning to approximate the marginal vector wlavith the time-conditioned
neural networky,  with parameters. De ning py(zjz1) = N ( tz1; 1) with the functions ;
controlling the noise schedule,(zjz;) has a closed form, and Eq. (4) is tractable (see Appendix B.2
for more details). We de ne such a formulation@aussian marginal paths

Classi er-Free Guidance (CFG). One canguide data generation on a conditignby learning

the conditional marginal eldi (zjy) via a time-conditioned neural network (z;y). Given a
guidance strength hyperparamete?2 R, Zheng et al. (2023) show that generating data points
following the vector eldu:(jy) = (1 !')u¢() + 'u{(jy) approximates sampling from the
distributione(zjy) / q(z)* ' a(zjy)' , whereq(z) andq(zjy) are, respectively, the unconditional

and conditional data distributions. The paraméterontrols the trade-off between diversity and
adherence to the condition. This approach enables guidance by interpolating between conditional
and unconditional vector elds, both learned jointly during training.

u(z2)=  u(zjz1)

4 CFCeEN

Our objective is to de ne a latent Flow-Matching-based generative model for discrete single-cell data,
where each cell is measured through gene expression and, potentially, DNA accessibility. Our model,
CFGen, is exible: It can handle single and multiple modalities. Moreover, it supports guiding gener-
ation conditioned on single or combinations of attributes without needing to train a different model for
each. In what follows, we present the assumptions and generative process formulation in the uni-modal
and multi-modal settings. We additionally illustrate our novel approach to compositional guidance.

4.1 UNI-MODAL AND SINGLE-ATTRIBUTE GENERATION

LetX 2 N © be a single-cell matrix where an observed single-cell vectordsNS , with N and
G being the number of cells and genes. Additiolgallyyleﬁ NY be a vector of categorical labels as-

sociated with each observation. We also delre ;3:1 Xg as the size factor of an individual cell

The generative processWhen the technical bias is negligible, we de ne the standard CFGen setting
as the following generative model:

p(x;z; 1 y) = p(xjz; Dp(zjy; Hp()p(y) ; )

wherez is a continuous latent variable modeling the cell state, and we assumed thaig1)
independent of conditionally onz andl, and (2) is independent of. While Eqg. (5) de nes a
standard generative process, the factorization remains exible based on data properties. Although
related to existing VAE-based single-cell generative models, our proposed factorization is novel. We
detail the relationship between Eq. (5) and existing generative models in Appendix B.5 and B.6.

Modeling the distributions in Eq. (5). Each factor of Eq. (5) is modeled separatgiyy) is a
categorical distributiol€at(Ny; ) whereNy is the number of categories ang a vector ofN,

class probabilities, ang(l) = LogNormal( |; ?). The parameters gf(y) andp(l) can be learned

as maximum likelihood estimates over the dataset (see Appendix C.4). Given an attribuge class
and size factol sampled from the respective distributiopézjy; ) is approximated by a conditional
continuous normalizing ow ¢( jy;1), witht 2 [0; 1], learned via Flow Matching with Gaussian
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marginal paths (see Section 3.2, Appendix B.2 and Appendix C.2). Such a ow transports samples
zo N (0;l) to latent cell representatios= z; = 1(zojy;l). Letzy = ((zojy;!). The time-
derivative of the ow is a parameterized velocity functian (z;;y;!). Finally, p(xjz; I) samples from

a negative binomial distribution with mean parameterized by a dedodas in Eq. (2) and inverse
dispersion modeled by a global parametetn practiceh and are optimized before training the

ow, together with an encoddr that maps the data to a latent space (more details in Appendix C.1).
We outline the reasons for training the encoder and the ow separately in Appendix C.5.

Sampling in practice. To generate a cell using CFGen as illustrated in Eq. (5), we rst sample a size
factorl and a conditioty (the latter to specify a class). We then integrate the parameterized vector eld
Vi (z;y;1) witht 2 [0; 1], starting fromzg N (0;1). We then take the simulated =  1(zojy; 1)

att = 1 as our latent in Eq. (5). Finally, we sample  NB(l softmax(h (z1)); ).

Size factor as a technical effectWhenl is in uenced by technigal effect under a categorical covariate

c 2 f1;:::;Cqg, we reformulate Eqg. (5) ag(x;z;l;y) = é < P(xjz; Np(zjy; Hp(ljc)p(y)p(c),

where we assume thatis independent of givenl (i.e.,| contains all necessary technical effect
information to guide the ow), ang is independent of. The last assumption derives from our
choice ofy as an attribute encoding biological identity preserved across technical batches.

4.2 MULTI-MODAL AND SINGLE-ATTRIBUTE GENERATION

Let X andy be de ned as in Section 4.1. In the multi-modal setting, we have additional access to
a binary matrixB 2 f 0;1gN P representing DNA region accessibility, withbeing the number

of measured peaks. Each sample is, therefore, a tuple, §/), wherex andb are realizations of
different discrete noise models (negative binomial and Bernoulli). Following Eg. (2), both parameters
of the negative binomial and Bernoulli noise models are functions of the same latent variable
encoding a continuous cell state shared across modalities. We write the rst factor in Eq. (5) as

p(x; bjz;1) 2 p(xjz;)p(bjz;1) & p(xjz;1)p(bjz) ; (6)

where in (1) we use the fact that the likelihoodxoéndb are optimized disjointedly given, and

in (2) thatb is independent of the size factb(see Eq. (2)). In simple terms, all the modalities
are encoded to the same latent space used to train the conditional ow approxip(@iiyd) in

Eg. (5) (more details in Appendix C.1). During generation, separate decodemdh map a
sampled latent variableto the parameter spaces of the negative binomial and Bernoulli distributions,
representing expression counts and binary DNA accessibility information, respectively (Fig. 1).

4.3 GUIDED COMPOSITIONAL GENERATION WITH MULTIPLE ATTRIBUTES

We extend CFG for Flow Matching (Zheng et al., 2023) to handle multiple attributes, enhancing
control over the generative process in targeted data regions. This is especially relevant in scRNA-
seq, where datasets are de ned by several biological and technical covariatesY merreg K
represents a matrix &€ categorical attributes measured acrssells. Rather than training separate

models for each attribute combination, we compose multiple single-attribute ow models.

categorical attributes. In analogy with CFG in diffusion models (4io & §zlil_imans, 2021), we aim

to implement a generative model to sample fre@jy) / q(z) © i, qu(izy)‘) ' where! ; is the

guidance strength for attributgsee Appendix B.4). Diffusion models generate data by learning to
approximate the score of the time-dependent dernsityog p; (zjy), with a neural network and using

it to simulate a reverse diffusion Stochastic Differential Equation (SDE) transporting noise samples to
generated data observations (Song et al., 2021). Importantly, the reverse diffusion SDE is associated
with a deterministigrobability ow ODE with the same time-marginal densities (Yang et al., 2023).

CFG in diffusion models can be used to generate data compositionally from different attribute classes.
More speci cally, Liu et al. (2022) demonstrated that compositional CFG is achievable through
parameterizing the drift of the generating reverse SDE wittctmpositional score

X
Llogp(zy) =t ologp(2)+ _ Nilr Llogp(zivi) ¢ clogp(@]:  (7)

Following the direct relationship between Flow Matching and CFG provided in Ho & Salimans
(2021), we build the Flow Matching counterpart to Eq. (7).
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Table 1: Quantitative performance comparison of CFGen with conditional and unconditional single-cell gen-
erative models. Evaluation is performed based on distribution matching metrics (RBF-kernel MMD and
2-Wasserstein distance). Results are averaged across datasets generated using three different seeds.

PBMC3K Dentate gyrus Tabula Muris HLCA
MMD(# WD®# MMD(¥H WD®# MMD(# WD®H MMD(H WD®
Conditional

c-CFGen 0.85+005 16.94:044 1.12:+004 21.55+017 0.19:002 7.39:x020 0.54+002 10.72:0.08

scDiffusion  1.27:020 22.41:121 1.22+005 22.56:010 0.24:004 7.89:045 0.96:004 15.82+045

scVI 0.94:005 17.66:x0290 1.15:x004 22.61:023 0.26:x002 9.76:+053 0.58+002 11.78:0.19
Unconditional

u-CFGen 0.44001 16.81:006 0.42:001 21.20:+002 0.08:000 8.54:x006 0.15:001 10.63:0.01

SCGAN 0.36+001 15.54:006 0.42:001 22.52:t003 0.25:000 12.85+004 0.18:001 10.81:0.01

Provided that we have access to Flow Matching models for the unconditional marginal vector eld
ut(z) and the single-attribute conditional eldsi; (zjy;)dt; , the following holds:

Proposition 1 If the attributesy;; ::;; yx are conditionally independent giventhe vector eld

th(ziy) = w(2)+ _ tilu(@yi)  u(@)] (8)

coincides with the velocity of the probability- ow ODE associated with the generative SDE of a
diffusion model with a compositional score as in EQ.

We provide a proof for Proposition 1 in Appendix B.4. In other words, the reversed diffusion
SDE from compositional CFG admits a deterministic probability ow ODE with velocity as in
Eg. (8). Consequently, CFG sampling frogl compositions of attributes is obtained by integrating
the parameterized el#:. (z;y) = v (2)+ iK:1 Lilve (z;yi) Ve (2)] starting from samples
from a Gaussian prigrg. Note that both conditional and unconditional elds are parameterized by
the same model, which is learned by providing single-attribute conditioning with a certain probability
during training (Algorithms 1 and 2).

5 EXPERIMENTS

In this section, we compare CFGen with existing models in uni-modal (Section 5.1) and multi-modal
(Section 5.2) generation across ve datasets. We evaluate quantitatively by measuring distributional
proximity between real and generated cells, and qualitatively by assessing how well models capture
real data properties. In Section 5.3, we show the effectiveness of multi-attribute generation in guiding
synthetic samples towards speci ¢ biological labels and donors. Lastly, in Sections 5.4 and 5.5, we
demonstrate that CFGen enhances rare cell type classi cation through targeted data augmentation
and performs batch correction on par with widely used VAE-based models.

5.1 COMPARISON WITH EXISTING METHODS ON UN+MODAL SCRNA-SEQ GENERATION

We evaluate the performance of CFGen conditionally and unconditionally against three baselines.

BaselinesWe choose scVI (Gayoso et al., 2021) and scDiffusion (Luo et al., 2024) as conditional
models and scGAN (Marouf et al., 2020) as unconditional baseline. The scVI model is based on
a VAE architecture with a negative binomial decoder and performs generation by decoding low-
dimensional Gaussian noise into parameters of the likelihood model. Conversely, scDiffusion and
ScGAN operate on a continuous-space domain, performing generation using standard latent diffusion
(Rombach et al., 2022) and GAN (Goodfellow et al., 2014) models. Thus, we train them using
normalized counts (more in Appendix D).

Datasets.We assess model performance on four datasets of varying(iRBMC3K! (2,638 cells

from a healthy donor, clustering into 8 cell type@i), Dentate gyrus (La Manno et al., 2018) (18,213
cells from a developing mouse hippocamps), Tabula Muris (Tabula Muris Consortium et al.,
2018) (245,389 cells froriMlus musculuscross multiple tissues), afig) Human Lung Cell Atlas
(HLCA) (Sikkema et al., 2023) (584,944 cells from 486 individuals across 49 datasets). Conditioning

https://satijalab.org/seurat/articles/pbmc3k_tutorial.html



Published as a conference paper at ICLR 2025

is performed orcell typefor all datasets except Tabula Muris, where we usdittseielabel. Dataset
descriptions and pre-processing details are in Appendix E and Table 4.

Quantitative evaluation. As evaluation metrics, we use distribution distances (RBF-kernel
Maximum Mean Discrepancy (MMD) (Borgwardt et al., 2006) and 2-Wasserstein distance) computed
between the Principal Component (PC) projections of generated and real test data in 30 dimensions.
The generated data is embedded using the PC loadings of the real data for comparability. For
conditional models, we evaluate the metrics per cell type and average the results. All evaluations
are performed on a held-out set of cells, considering the whole genome, with a Itering step for low
expression genes (see Appendix E).

Quantitative results. In Table 1, we evaluate the generative performance of CFGen conditionally

(c-CFGen) and unconditionally (u-CFGen) against the three baselines on the scRNA-seq generation
task. CFGen consistently reaches the highest performance on conditional generation across biological
categories and overcomes scGAN on three out of four datasets on the unconditional generation task.

Figure 2:(a) Comparison between the gene-wise empirical mean-variance trend in real data and samples from
generative modelgb) Frequency of the number of zeroes per cell in real and generated data.

Qualitative evaluation. Evaluating realistic data generation in biology requires more than
distribution-matching metrics. We compare CFGen with diffusion and GAN-based single-cell
generators on the task of modeling the probabilistic properties of the single-cell data. Speci cally, we
consider how well different methods recover the following aspects from real gene expression counts:
(1) Sparsity: caused by technical biases in gene transcript detection or gene inactivity in speci ¢
contexts. (2) Over-dispersion: a honlinear mean-variance relationship, modeled through the inverse
dispersion parameter of a negative binomial distribution. (3) Discreteness.

Qualitative results. In Fig. 2, we provide gualitative evidence that CFGen is more effective in
recovering properties (1) and (2) compared to scDiffusion and sScGAN, which assume a continuous
data space. Property (3) naturally follows when modeling discrete counts with CFGen. Speci cally,
Fig. 2a shows that explicitly modeling counts with gene-speci c inverse dispersion leads to better
alignment of the generated gene-wise mean-variance relationship with real data. Additionally, Fig. 2b
demonstrates the recovery of the actual distribution of zero counts per cell. In contrast, scDiffusion
often shifts towards actively expressed genes, while scGAN tends to either under or overestimate
data sparsity. Furthermore, CFGen is the only conditional model capable of generating plausible
synthetic cells in terms of overlap with the real data distribution for large datasets such as the HLCA
and Tabula Muris (see Appendix H.3 and Fig. A6).

5.2 MULTI-MODAL GENERATION

We evaluate the qualitative and quantitative performance of CFGen at generating multi-modal data
comprising gene expression and binary DNA-region accessibility.

Baselines.We compare CFGen with a VAE-based multi-modal generative model (MultiVI) (Ashuach

et al., 2023). For completeness, we add as baselines two single-modality generative models: PeakVI
(Ashuach et al., 2022) (DNA accessibility) and scVI (Lopez et al., 2018) (gene expression). Finally,
we include scDiffusion and uni-modal CFGen (CFGen RNA) as baselines for sScRNA-seq generation.
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