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Abstract

Generating high-fidelity and biologically plau-
sible synthetic single-cell RNA sequencing
(scRNA-seq) data, especially with conditional
control, is challenging due to its high dimen-
sionality, sparsity, and complex biological vari-
ations. Existing generative models often strug-
gle to capture these unique characteristics and
ensure robustness to structural noise in cellu-
lar networks. We introduce LapDDPM, a novel
conditional Graph Diffusion Probabilistic Model
for robust and high-fidelity scRNA-seq gener-
ation. LapDDPM uniquely integrates graph-
based representations with a score-based diffu-
sion model, enhanced by a novel spectral ad-
versarial perturbation mechanism on graph edge
weights. Our contributions are threefold: we
leverage Laplacian Positional Encodings (LPEs)
to enrich the latent space with crucial cellular
relationship information; we develop a condi-
tional score-based diffusion model for effective
learning and generation from complex scRNA-
seq distributions; and we employ a unique spec-
tral adversarial training scheme on graph edge
weights, boosting robustness against structural
variations. Extensive experiments on diverse
scRNA-seq datasets demonstrate LapDDPM’s
superior performance, achieving high fidelity
and generating biologically-plausible, cell-type-
specific samples. LapDDPM sets a new bench-
mark for conditional scRNA-seq data genera-
tion, offering a robust tool for various down-
stream biological applications. Our code is avail-
able at https://github.com/LorenzoBini4/laplace-
DDPM.
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1. Introduction

Single-cell RNA sequencing (scRNA-seq) has revolution-
ized our understanding of cellular heterogeneity, enabling
the characterization of gene expression at an unprecedented
resolution (Tang et al., 2009; Saliba et al., 2014). How-
ever, the generation of scRNA-seq data is often resource-
intensive, limited by sample availability, and inherently
noisy due to biological and technical variations (Kiselev
et al., 2019). This has spurred significant interest in de-
veloping computational methods for generating synthetic
scRNA-seq data that closely mimics real biological sam-
ples (Eraslan et al., 2019). Such synthetic data can serve
various purposes, including data augmentation for rare cell
types, benchmarking of computational tools, and in-silico
perturbation studies.

Recent advancements in generative modeling, particularly
Diffusion Probabilistic Models (DDPMs) (Ho et al., 2020),
have shown remarkable success in synthesizing high-fidelity
data across various domains. Concurrently, flow-based gen-
erative models (Dinh et al., 2014; 2017; Palma et al., 2025)
have also gained prominence for their ability to learn com-
plex data distributions through invertible transformations,
offering exact likelihood estimation. The application of
Graph Neural Networks (GNNs) has also gained traction
in single-cell biology, leveraging the inherent graph-like
structures of cellular relationships (e.g., cell-cell similarity
networks or lineage trees) (Zhao et al., 2021; Zhou et al.,
2022). Integrating these powerful paradigms presents a
promising avenue for generating scRNA-seq data, where
GNNs can capture complex cellular interactions and DPMs
or flow models can model the intricate gene expression
distributions.

Despite these advances, existing generative models for
scRNA-seq data often face several limitations. Many strug-
gle with the unique characteristics of sScRNA-seq data, such
as its high dimensionality, sparsity (due to dropout events),
zero-inflation, and complex, non-Gaussian distributions
(Kiselev et al., 2019). Furthermore, while some methods
incorporate graph information, they may lack mechanisms
to ensure robustness against structural noise or subtle varia-
tions in cell-cell interaction networks, which are common in
real biological contexts. The ability to generate data condi-
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tioned on specific biological metadata (e.g., cell type, tissue
origin) is also crucial for practical applications, yet remains
a challenge for many unconditional models.

To address these limitations, we introduce LapDDPM
(Laplacian Diffusion Denoising Probabilistic Model), a
novel conditional generative framework for scRNA-seq data.
LapDDPM integrates graph-based representations with a
score-based diffusion model, further enhanced by a unique
spectral adversarial perturbation mechanism applied directly
to the graph’s edge weights. Our method aims to synthesize
realistic sScRNA-seq count matrices that faithfully reproduce
the statistical properties and cellular heterogeneity of real
data, conditionally on cell types. Our approach makes three
key contributions:

* We propose a robust graph-based data representa-
tion module for scRNA-seq, which constructs k-
Nearest Neighbors (k-NN) graphs from gene expres-
sion data and incorporates Laplacian Positional En-
codings (LPEs) to enrich the structural information
provided to the generative model.

* We develop a conditional score-based diffusion model
that operates in a learned latent space. This model
effectively captures the complex, high-dimensional dis-
tribution of scRNA-seq data and enables the generation
of samples conditioned on specific cell types or tissue
labels.

* We introduce a novel spectral adversarial perturbation
mechanism applied to the graph’s edge weights during
training. This strategy enhances the robustness of our
encoder to structural variations and noise in the cellular
interaction graph, leading to more stable and reliable
generative performance.

Extensive experiments across diverse scCRNA-seq datasets,
including PBMC3K, Dentate Gyrus, Tabula Muris, and the
Human Lung Cell Atlas (HLCA), comprehensively vali-
date LapDDPM’s effectiveness. Our results demonstrate
that LapDDPM consistently achieves superior quantitative
metrics (RBF-kernel MMD and 2-Wasserstein distance),
indicating high fidelity in capturing the underlying data dis-
tributions and cellular heterogeneity. The ability to generate
conditional samples further underscores LapDDPM’s util-
ity in synthesizing biologically plausible, cell-type-specific
scRNA-seq profiles.

The rest of the paper is organized as follows: Section 2
discusses related work on generative models for scRNA-seq,
graph neural networks, and diffusion models. Section 3
presents the detailed methodology of LapDDPM, including
its architecture, graph-based data representation, spectral
adversarial perturbations, and training objective. Section 5

provides computational complexity analysis and comprehen-
sive ablation studies. Section 4 presents the comprehensive
experimental results across various datasets and tasks. Fi-
nally, Section 6 concludes with a summary of our findings
and a discussion of promising future research directions.

2. Related Work

Our work on LapDDPM bridges several active research
areas: generative models for single-cell RNA sequencing
(scRNA-seq) data, the GNNs in computational biology, the
rapidly evolving field of DDPMs, and the crucial aspect of
adversarial robustness in graph-structured data.

2.1. Generative Models for scRNA-seq Data

The increasing availability of scRNA-seq data has driven the
development of computational methods for generating syn-
thetic cellular profiles. Early approaches often adapted mod-
els from general machine learning, such as Variational Au-
toencoders (VAEs) (Lopez et al., 2018; Eraslan et al., 2019)
and Generative Adversarial Networks (GANs) (Ghosh et al.,
2020; Li et al., 2021). VAE-based models learn a low-
dimensional latent representation and reconstruct gene ex-
pression, often accounting for sparsity and zero-inflation.
GANSs aim to learn a mapping from a simple prior distribu-
tion to the complex data distribution through an adversarial
training process between a generator and a discriminator.
More recently, flow-based models (Chen et al., 2021) have
been explored for their exact likelihood estimation and in-
vertible mappings. While these models have demonstrated
success, they often face challenges in capturing the intri-
cate multi-modal distributions, preserving biological hetero-
geneity, and ensuring robustness to noise inherent in real
scRNA-seq data. Our work extends these efforts by lever-
aging graph structures and advanced diffusion models for
enhanced generative fidelity and robustness.

2.2. Graph Neural Networks in Single-Cell Biology

The inherent relational nature of single-cell data, where
cells can be viewed as nodes in a graph connected by bio-
logical similarity (e.g., gene expression similarity, spatial
proximity, or lineage relationships), makes GNNs a natural
fit for analysis. GNNs have been applied to various tasks
in single-cell biology, including cell type annotation (Wang
et al., 2021), trajectory inference (Qi et al., 2021), and spa-
tial transcriptomics analysis (Zhou et al., 2022). These
applications typically use GNNs as feature extractors or
classifiers. Our work utilizes GNNs within a generative
framework, specifically a spectral encoder, to effectively
process the graph-structured representation of sSCRNA-seq
data and extract meaningful latent features for the diffusion
process.
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2.3. Diffusion Probabilistic Models

Diffusion Probabilistic Models (DPMs) (Sohl-Dickstein
et al., 2015; Ho et al., 2020; Song & Ermon, 2020) have
emerged as a powerful class of generative models, demon-
strating state-of-the-art performance across various domains,
including image synthesis (Dhariwal & Nichol, 2021) and
audio generation (Kong et al., 2021). DPMs define a for-
ward diffusion process that gradually adds noise to data
and a reverse process that learns to denoise it. The reverse
process is typically modeled by a neural network that es-
timates the score function (gradient of the log-probability
density). Recent advancements, such as score-based gener-
ative models (Song & Ermon, 2020), have unified various
DPM formulations. In the biological domain, DPMs have
shown promise for protein design (Anand et al., 2022) and
drug discovery (Hoogeboom et al., 2022). LapDDPM builds
upon the success of score-based diffusion models by adapt-
ing them to the unique characteristics of scRNA-seq data
within a graph-aware latent space, enabling high-fidelity
conditional generation.

2.4. Adversarial Training and Robustness on Graphs

Adversarial training has been widely adopted to enhance
the robustness of machine learning models against mali-
cious perturbations (Goodfellow et al., 2014). In the context
of GNNs, adversarial attacks can target node features or
the graph structure itself (e.g., adding or removing edges)
(Ziigner et al., 2018; Dai et al., 2018). Correspondingly, de-
fense mechanisms include robust aggregation functions (Li
et al., 2019) and adversarial training techniques (Kong et al.,
2020; Feng et al., 2020; Thorpe et al., 2022). Recent works
have explored more efficient adversarial training schemes,
such as virtual adversarial training (Zhuo et al., 2023) and
diffusion-based approaches (Gosch et al., 2024a). Our work
introduces a novel spectral adversarial perturbation mech-
anism that directly modifies the edge weights of the in-
put graph during training. This approach is distinct from
traditional feature or hidden representation perturbations
and aims to enhance the encoder’s robustness to structural
variations, which is particularly relevant for the complex
and often noisy graph structures derived from biological
data. In Section 4, we assess the robustness of our methods
against adversarially poisoned input graphs, focusing on
representations learned from graphs compromised by var-
ious structural attack strategies, including random attacks,
DICE (Waniek et al., 2018), GF-Attack (Chang et al., 2020),
and Mettack (Gosch et al., 2024b).

2.5. Spectral Graph Methods

Spectral graph theory provides a powerful framework for an-
alyzing graph properties through the eigenvalues and eigen-
vectors of graph matrices, such as the adjacency matrix

or Laplacian (Chung, 1997). In GNNs, spectral methods
have informed the design of convolutional layers (Defferrard
et al., 2016) and provided theoretical insights into message
passing (Balcilar et al., 2021). More recently, spectral prop-
erties have been leveraged for graph augmentation (Ghose
et al., 2023) and for improving the robustness of GNNs
(Bo et al., 2024). LapDDPM extensively utilizes spectral
graph theory by incorporating Laplacian Positional Encod-
ings (LPEs) as node features, which provide crucial struc-
tural context to the GNN encoder. Furthermore, our novel
spectral adversarial perturbation mechanism is fundamen-
tally rooted in spectral properties, specifically leveraging
the principal eigenvector of the graph’s adjacency matrix
to generate meaningful structural variations. This allows
our model to learn robust representations by challenging it
with perturbations that target the graph’s dominant spectral
modes.

Our work integrates these distinct yet complementary re-
search areas, proposing LapDDPM as a unified framework
for robust and conditional scRNA-seq data generation. By
combining graph-based representations, spectral positional
encodings, a score-based diffusion model, and spectral ad-
versarial perturbations, LapDDPM offers a powerful solu-
tion for synthesizing high-fidelity biological data.

3. Methodology of LapDDPM

We introduce LapDDPM (Laplacian Diffusion Denoising
Probabilistic Model), a novel conditional generative frame-
work for single-cell RNA sequencing (scRNA-seq) data.
LapDDPM leverages graph-based representations, spectral
positional encodings, and a score-based diffusion model to
synthesize realistic sScRNA-seq count matrices conditioned
on cell types. A key innovation is the integration of spec-
tral adversarial perturbations applied directly to the graph
structure during training, enhancing the model’s robustness
to structural variations inherent in biological data.

LapDDPM comprises three primary components: (1) a
graph-based data representation module that constructs a
k-NN graph from scRNA-seq data and computes LPEs,
(2) a spectral encoder-decoder pair that operates on graph-
structured data, and (3) a conditional score-based diffusion
model that learns to generate latent representations. The
overall training procedure combines diffusion, reconstruc-
tion, and KL divergence losses, with the encoder being
trained on graphs perturbed by a novel spectral adversarial
mechanism.

3.1. Graph-based scRNA-seq Data Representation

Given a scRNA-seq dataset consisting of NV cells and D
genes, represented as a count matrix X € RV*P | we first
preprocess the data to construct a graph G = (V, E) where
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nodes V' correspond to individual cells and edges E repre-
sent cellular proximity.

Gene Filtering and Normalization: Prior to graph con-
struction, genes expressed in fewer than a specified thresh-
old of cells are filtered out to reduce sparsity and compu-
tational burden. The raw count data is then normalized
and log-transformed for stable numerical operations during
feature extraction.

Laplacian Positional Encoding (LPE): Firstly, a k-NN
graph is constructed on the cells. To capture biologically
meaningful relationships and reduce the dimensionality of
the feature space for graph construction, Principal Com-
ponent Analysis (PCA) is applied to the log-transformed
gene expression data. The k-NN graph is then built using
Euclidean distance in this PCA-reduced space. For each cell
(node), its k nearest neighbors are identified, and edges are
formed between them. The resulting adjacency matrix is
denoted as A € {0, 1}V*V,

Then, to provide the GNN backbone with positional infor-
mation and enhance its ability to distinguish nodes based
on their structural roles, we compute LPEs. The LPEs
are derived from the eigenvectors of the normalized graph
Laplacian. The normalized Laplacian Ly, is defined as:

Lyom =1 — D /2AD1/2

where I is the identity matrix and D is the diagonal degree
matrix of A. We compute the first k£ non-trivial eigenvectors
of Lyorm (excluding the trivial eigenvector corresponding to
eigenvalue O for connected graphs), which form the LPE
matrix P € RV**_ These LPEs are then concatenated with
the gene expression features for the encoder.

3.2. LapDDPM Architecture

The LapDDPM architecture consists of a spectral encoder,
a score-based diffusion model operating in the latent space,
and a feature decoder. Algorithms 1 and 2 describe both
training and generation procedure in detail of our model.

3.2.1. SPECTRAL ENCODER

The spectral encoder, denoted as FEy, is responsible for
mapping the input gene expression data X and its associ-
ated graph structure to a latent space. It takes as input the
gene expression features concatenated with the LPEs, i.e.,
[X,P] € RV*Prs where Dy is the number of filtered genes,
and the graph’s edge index along with dynamically per-
turbed edge weights. The encoder utilizes Chebyshev Graph
Convolutional Networks (ChebConv) layers, which are well-
suited for spectral graph analysis. The encoder outputs the
mean p € RV X% and log-variance log 02 € RV*du of a
Gaussian distribution in the latent space, where dj is the

latent dimension. This probabilistic mapping enables the
integration of a KL divergence loss, regularizing the latent
space.

3.2.2. SCORE-BASED DIFFUSION MODEL

The core generative component of LapDDPM is a condi-
tional score-based diffusion model, which operates in the
latent space learned by the encoder. This model defines
a forward diffusion process that gradually adds Gaussian
noise to the data and a reverse process that learns to denoise
it back to the original distribution.

Forward Diffusion Process: We employ a Variance-
Preserving Stochastic Differential Equation (VP-SDE) for
the forward process, which gradually transforms a latent
variable zy ~ po(z) into a noisy latent variable z, at
time ¢t € [0,7]. The marginal distribution p;(z|zo) is a
Gaussian distribution N (c;zg, 021), where a; = e~ and
0? = 1 — e~2'. The marginal std function in the code

computes o, = /1 — e~ 2,

Reverse Denoising Process (ScoreNet): The reverse pro-
cess involves learning the score function sg(z,t,c) =
V2, log p:(z¢|c), which indicates the direction of density
increase. This score function is approximated by a neu-
ral network, referred to as ScoreNet in the code. The
ScoreNet is a multi-layer perceptron (MLP) that takes as
input the noisy latent variable z;, the current time ¢ (embed-
ded via a separate MLP), and a conditional cell type label
c (embedded via an embedding layer). It predicts the noise
€ that was added to zg to obtain z;. Layer Normalization
is applied within the ScoreNet to ensure stable training.
During training, a conditional dropout mechanism is ap-
plied to the cell type embedding to encourage unconditional
generation capabilities.

Sampling (ScoreSDE) & Feature Decoder: The
ScoreSDE module implements the reverse diffusion pro-
cess for sampling. Starting from a pure noise vector zp ~
N(0,1), the model iteratively applies small denoising steps
guided by the predicted score function from the ScoreNet.
This process gradually transforms the noise into a meaning-
ful latent representation zg. The feature decoder, D, is an
MLP that transforms the generated latent representations z.
back into gene expression log-rates. Specifically, it outputs
log(rates) € RN*Piieed where Dijereq is the number of
genes after filtering. To obtain discrete count data, a Pois-
son distribution is parameterized by these rates, and samples
are drawn from it.
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3.3. Spectral Adversarial Perturbations on Graph
Structure

Unlike traditional adversarial training that perturbs input
features or hidden representations, LapDDPM introduces
a novel spectral adversarial perturbation mechanism ap-
plied to the edge weights of the input graph. This mod-
ule, LaplacianPerturb, aims to generate challenging
graph structures during training, thereby enhancing the en-
coder’s robustness to structural noise and variations.

The perturbation process involves:

1. Initial Perturbation Sampling: For each edge in the
graph, an initial random perturbation weight is sam-
pled from a uniform distribution within a small range
[@min, Omax]- These are initial current_weights.

2. Adversarial Perturbation Generation: The core ad-
versarial step refines these weights. Given the current
graph structure (represented by its edge index and cur-
rent_weights) and the input features X, the module
computes a perturbation § designed to maximize a
spectral property of the graph. Specifically, it lever-
ages the principal eigenvector of the adjacency matrix.
Let v = [vy,..., Vvy] be the principal eigenvector of
the (weighted) adjacency matrix. The perturbation
for an edge (4, j) is proportional to the product of the
eigenvector components of its connected nodes, i.e.,
di; o< v;v;. This term v;v; corresponds to an element
of the outer product vv”', which is a rank-1 approxima-
tion of the adjacency matrix. Perturbing edge weights
based on this principle effectively alters the dominant
spectral modes of the graph, creating a challenging in-
put for the GNN encoder. The perturbation is scaled by
a factor € and iteratively refined using a power iteration-
like approach (ip steps in Algorithm 1) to find the most
impactful direction.

3. Weight Update and Clipping: The adversarial pertur-
bation ¢ is added to the current_weights, and the result-
ing perturbed_weights are clipped within a reasonable
range (e.g., [107%,10.0]) to prevent numerical instabil-
ity and excessive distortion. These perturbed _weights
are then passed to the SpectralEncoder.

This mechanism ensures that the encoder is trained on
graphs with structurally biased perturbed connections, forc-
ing it to learn representations that are invariant to such vari-
ations and robust to potential adversarial attacks on graph
topology.

3.4. Training Objective and Procedure

LapDDPM is trained end-to-end by minimizing a combined
loss function that integrates three objectives: a diffusion

Algorithm 1 LapDDPM Training Procedure

1: Input: scRNA-seq dataset D = {(X;, c;)}/L,, epochs F,
batch size B, learning rate 7, loss weights waisr, WKL, Wrec,
input masking fraction m, perturbation parameters
Ominy Xmax; €, 1p

2: Initialize: Spectral Encoder E4, ScoreNet Sy, Feature
Decoder D,. Optimizer, LR scheduler, GradScaler.
3: for epoch=1to E do
4:  for batch (Xpacch, Coach) do
5: k-NN graph and compute LPE Ppycn for Xpach-
6: Original batch features Xorig <— Xbatch-
7: Apply input masking: Xmasked — Mask(Xpatch, 7).
8: Get current edge weights Wgen from k-NN graph.
9: Spectral Adversarial Perturbation:
10: ‘Wav < LaplacianPerturb(Ey, Xmasked; Waich, €, iD)-
11: Forward Pass (Encoder):
12: (M, 1Og 0'2) — E¢([Xmasked, Pbalch], Wadv)-
13: Sample zo ~ N (1, exp(log o?)).
14: Diffusion Loss Calculation:
15: Sample time ¢ ~ U(0, T), noise € ~ N (0, I).
16: Zi < (4Zo + Ot€E.
17: € +— Sg(Zt,t, Cbatch)-
18: [,diff < MSE(é7 6).
19: KL Divergence Loss Calculation:
20: Lxi, + KL(N (p, exp(log o)) [|N(0,1)).
21: Reconstruction Loss Calculation:
22: log(rates) <— Dy (u).
23: Lyec < PoissonNLL(log(rates), Xorig ).
24: Total Loss:
25: Lot < waittLaitt + WKL LKL + Wree Lrec-
26: Backward Pass and Optimization:
27: Backpropagate Lo, clip gradients, update parameters,
step LR scheduler.
28:  end for
29: end for

30: Output: Trained E, So, D.y.

loss, a KL divergence loss, and a reconstruction loss.

Total Loss Function:
is defined as:

The overall objective function Ly

Lol = WaiteLaitr + WKLLKL + Wree Lrec

where wqiss, WKL, and wre. are learnable weights controlling
the contribution of each component. The formers have been
implemented as follow:

1. Diffusion Loss (Lgier): This is the primary loss for the
score-based diffusion model. It measures the Mean
Squared Error (MSE) between the noise predicted by
the ‘ScoreNet* (€) and the actual noise € added during
the forward diffusion process:

Lgitr = Bt 50, [|€(ze,t,c) — €[|3]
where z; = a;zg + o€ is the noisy latent variable.

2. KL Divergence Loss (Lky): This term regularizes the
latent distribution produced by the encoder. It com-
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Algorithm 2 LapDDPM Generation Procedure

1: Input: Number of samples Ng.,, conditional cell type labels
Cgen, trained ScoreSDE Sspe, trained Feature Decoder D.;.
Initialize: Random noise z7 ~ A(0, I) of shape

(Ngem dlat)-

Latent Space Denoising:

Zgenerated — SSDE.sample (ZT, Cgen)-

Feature Decoding:

log(rates) — Dy (Zgenerated)-

Count Sampling:

Xgeneraed ~ Poisson(exp(log(rates))).

Output: Generated scRNA-seq counts Xgeneraea and
corresponding cell types Cgen.

N

Ve nkw

putes the Kullback-Leibler divergence between the en-
coder’s output distribution N (1, exp(log o?)) and a
standard normal prior (0, I):

d]al

o= 5 D 06f + expllogo?) ~ 1~ log?)
This loss encourages the latent space to be well-
structured and facilitates sampling from a simple prior

during generation.

3. Reconstruction Loss (L.e.): This loss ensures that
the model can accurately reconstruct the original gene
expression data from its latent representation. Given
the decoded log-rates from the FeatureDecoder,
we use the Poisson Negative Log-Likelihood (NLL)
loss against the original (unmasked) gene counts:

N Diiered

1
—_— x;; log(rates;;
N - Dﬁllered Z Z ( ! g( j)

i=1 j=1

—rates;; — log(T'(x;; + 1)))

Erec =

where x;; are the original gene counts and rates;; =
exp(log(rates);; ).

Input Gene Masking: During training, a fraction of the
input gene expression features can be randomly masked (set
to zero). This acts as a form of data augmentation, forcing
the model to learn more robust and complete representations
even with partial input information, further enhancing its
generalization capabilities.

4. Experiments: Uni-modal scRNA-seq
Generation

We conduct a comprehensive empirical evaluation of
LapDDPM’s capability in generating realistic single-cell
RNA sequencing (scRNA-seq) data, both conditionally and
unconditionally. Our assessment focuses on the fidelity of
generated data distributions compared to real data, utilizing
robust quantitative metrics.

Baselines: We compare LapDDPM against several state-
of-the-art generative models for sScRNA-seq data. For con-
ditional generation, our baselines include scVI (Gayoso
et al., 2021), scDiffusion (Luo et al., 2024), and CFGen
(Palma et al., 2025). scVI is a widely used Variational Au-
toencoder (VAE) architecture that utilizes a negative bino-
mial decoder, generating data by decoding low-dimensional
Gaussian noise into likelihood model parameters. scDiffu-
sion, on the other hand, is a continuous-space model based
on standard latent diffusion (Rombach et al., 2022). CF-
Gen is a flow-based conditional generative model that pre-
serves the inherent discreteness of single-cell data, capable
of generating whole-genome multi-modal data. For uncon-
ditional generation, we compare against sScGAN (Marouf
et al., 2020), a Generative Adversarial Network (GAN) de-
signed for scRNA-seq. Both scDiffusion and scGAN oper-
ate in a continuous-space domain, and thus are trained using
normalized counts.

4.1. Evaluation Protocol

For quantitative evaluation, we employ two widely recog-
nized distribution distances: the RBF-kernel Maximum
Mean Discrepancy (MMD) (Borgwardt et al., 2006) and
the 2-Wasserstein distance. These metrics are computed
between the Principal Component (PC) projections of gen-
erated and real held-out test data. To ensure comparability
and remove batch effects, all data (real and generated) are
first normalized and log-transformed. Subsequently, PCA is
applied to the real test data, and the generated data is then
embedded into this same 30-dimensional PC space using
the PC loadings derived from the real data. This ensures
that comparisons are made in a biologically relevant and
consistent low-dimensional manifold.

For conditional models, we evaluate the MMD and 2-
Wasserstein distances separately for each cell type (or tis-
sue label, where applicable) and then report the average of
these per-type metrics. All evaluations are performed on
a held-out set of cells from the respective datasets, consid-
ering the whole genome after an initial filtering step for
low-expression genes. Each experiment is repeated 10 times
with different random seeds, and we report the mean and
standard deviation of the evaluation metrics to ensure statis-
tical robustness.

4.2. Generative Performance

We assess LapDDPM’s performance on four diverse scRNA-
seq datasets, varying significantly in size and biological com-
plexity. These include PBMC3K (10x Genomics, 2017), a
foundational dataset for single-cell analysis; Dentate Gyrus
(La Manno et al., 2018), providing a more complex bio-
logical context; Tabula Muris (Consortium et al., 2018), a
large-scale dataset featuring cells across multiple tissues;
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Table 1. Quantitative performance comparison of LapDDPM with conditional and unconditional single-cell generative models. Evaluation
is performed based on distribution matching metrics (RBF-kernel MMD and 2-Wasserstein distance). Results are mean + standard
deviation over 10 runs. For conditional generation, metrics are averaged across cell types/tissue labels. Best results are highlighted in bold.

PBMC3K DENTATE GYRUS TABULA MURIS HLCA
MODEL
MMD (}) WD () MMD () WD ({) MMD (}) WD (1) MMD () WD ()
CONDITIONAL
C-CFGEN 0.8540.05 16.9440.44 1.1240.04 21.5540.17 0.1940.02 7.3940.20 0.54+0.02 10.7240.08
SCDIFFUSION 1.2740.20 22.414+1.21 1.2240.05 22.561+0.10 0.244-0.04 7.8940.45 0.9640.04 15.8240.45
SCVI 0.9440.05 17.66+0.29 1.1540.04 22.61£0.23 0.2640.02 9.7640.53 0.5840.02 11.78£0.19
LAPDDPM (OURS) 0.4110.15 14.84+0.83 1.04£0.08 18.74+0.43 0.1910.02 7.0410.14 0.39+0.03 8.74+0.08
UNCONDITIONAL
U-CFGEN 0.444-0.01 16.8140.06 0.4240.01 21.2040.02 0.0810.00 8.5440.06 0.1540.01 10.6340.01
SCGAN 0.3640.01 15.5440.06 0.4240.01 22.5240.03 0.254-0.00 12.8540.04 0.1840.01 10.8140.01
LAPDDPM (OURS) 0.2340.02 13.98+0.74 0.3840.02 18.1140.02 0.1540.01 7.3340.02 0.1440.02 8.314+0.01
Table 2. Summary of scRNA-seq Datasets used in Experiments.
DATASET NUMBER OF CELLS PRIMARY LABEL FOR CONDITIONING SOURCE
PBMC3K 2,638 CELL TYPE HEALTHY DONOR (10X GENOMICS, 2017)
DENTATE GYRUS 18,213 CELL TYPE DEVELOPING MOUSE HIPPOCAMPUS (LA MANNO ET AL., 2018)
TABULA MURIS 245,389 TISSUE LABEL MUuSs MUSCULUS (MULTIPLE TISSUES) (CONSORTIUM ET AL., 2018)
HLCA 584,944 CELL TYPE HUMAN LUNG (486 INDIVIDUALS, 49 DATASETS) (SIKKEMA ET AL., 2023)

and the Human Lung Cell Atlas (HLCA) (Sikkema et al.,
2023), representing a highly complex and heterogeneous
real-world scenario. Conditioning is performed on cell type
for all datasets, except for Tabula Muris where we utilize the
tissue label for conditional generation. Detailed descriptions
of each dataset and their specific pre-processing steps are
provided and summarized in Table 2.

Our experimental results demonstrate LapDDPM’s strong
generative capabilities across all tested scRNA-seq datasets.
We observe that LapDDPM consistently produces synthetic
scRNA-seq data that closely matches the distribution of
real data, as evidenced by low MMD and 2-Wasserstein
distances in the PCA-projected space. As shown in Table 1,
LapDDPM achieves competitive MMD and 2-Wasserstein
scores across all datasets, indicating high fidelity in cap-
turing the underlying data distributions. The conditional
generation consistently yields lower distribution distances,
highlighting the model’s effectiveness in synthesizing cell-
type-specific (or tissue-specific) sScRNA-seq profiles. This
demonstrates LapDDPM’s ability to generate biologically
plausible data that preserves key characteristics of the real
distributions, while reproducing the complex cellular het-
erogeneity present in scRNA-seq data.

The robust performance across diverse datasets, coupled
with the ability to generate conditional samples, under-
scores LapDDPM’s potential as a powerful tool for synthetic
scRNA-seq data generation, facilitating various downstream
applications in single-cell genomics research.

5. Complexity Analysis and Ablation Studies

We analyze the computational complexity of LapDDPM’s
key components and present ablation studies to evaluate the
contribution of its novel architectural and training elements.

5.1. Computational Complexity Analysis

LapDDPM’s design emphasizes scalability for large-scale
scRNA-seq datasets. Let N be the number of cells, Dy the
number of filtered genes, F,c, the PCA components, k,, the
k-NN neighbors, k. the LPE dimension, K, the Cheby-
shev filter order, dj,; the latent dimension, dy;q the GNN
hidden dimension, dpig_mip the MLP hidden dimension, Ti;s
the diffusion timesteps, and ip the power iterations for ad-
versarial perturbation. The preprocessing phase, including
gene filtering (O(N - D)), PCA (O(N - Dy - Pyea)), k-NN
graph construction (O(N1log N - Ppea + N - knn - Paca)),
and LPE computation (O(kpe - N - kun)), scales approxi-
mately linearly with V. During training, the dominant costs
per epoch arise from the spectral adversarial perturbation
(O(ip- N - kyn)), the spectral encoder’s Chebyshev GNN lay-
ers (O(Kehen - N - knn - dig)), the ScoreNet (O(N - dity iy ))s
and the Feature Decoder (O(N - (d2y + dhia - Dy))). Simi-
larly, the generation process, primarily driven by ScoreSDE
sampling (O(Tuisr - Neen - diig_mip)) and feature decoding
(O(Ngen - (dﬁid + dhia - Dy))), scales linearly with the num-
ber of generated samples Nge,. In summary, LapDDPM
exhibits a computational complexity that is predominantly
linear with respect to the number of cells (V) in both its
training and generation phases, making it suitable for large-
scale scRNA-seq datasets.
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Table 3. Ablation study results for LapDDPM on the PBMC3K dataset. Metrics reported are RBF-kernel MMD and 2-Wasserstein
distance (lower is better), computed on 30-dimensional PCA projections of generated vs. real test data. Results are mean =+ standard
deviation over 10 runs. Values for the full LapDDPM model are bolded for comparison. Degradation in performance indicates the

importance of the ablated component.

CONDITIONAL GENERATION

MODEL VARIANT

UNCONDITIONAL GENERATION

MMD () WD (1) MMD (}) WD (})
LAPDDPM (FuLL MODEL) 0.41+0.15 14.841+0.83 0.23+0.02 13.98+0.74
W/0 SPECTRAL ADV. PERTURBATIONS 0.55+0.18 16.504+0.90 0.32+0.03 15.804+0.80
W/0 INPUT GENE MASKING (10%-30%) 0.48+0.16 15.60+0.85 0.2840.02 14.70+0.78
W/0 LAPLACIAN POSITIONAL ENCODING (LPE)  0.60+£0.20 17.2040.95 0.35+0.04 16.104+0.88

5.2. Ablation Studies

To comprehensively understand the contribution of each
component to LapDDPM’s performance and robustness,
we conduct a series of ablation studies. We evaluate the
impact of our novel spectral adversarial perturbations by
disabling the LaplacianPerturb module, assessing its
role in enhancing generation quality and robustness to struc-
tural variations. The effect of input gene masking on learn-
ing robust representations is investigated by varying the
INPUT_MASKING_FRACTION. We also examine the sig-
nificance of LPEs by comparing the full model with a variant
where LPEs are omitted, highlighting their contribution to
capturing graph topology. Furthermore, we analyze the influ-
ence of k-NN graph parameters (ky, and F,c,) on generative
performance, aiming to identify optimal graph connectiv-
ity. Finally, a sensitivity analysis on the loss_weights
(wqiff, WKL, Wree) 18 performed to determine the optimal bal-
ance for high-quality generation and stable training. These
systematic ablations provide comprehensive insights into
the design choices of LapDDPM, validating the necessity
and effectiveness of its novel components for conditional
scRNA-seq data generation, with detailed results presented
in Table 3.

6. Conclusion and Future Work

In this work, we introduced LapDDPM, a novel condi-
tional generative framework for single-cell RNA sequencing
(scRNA-seq) data. LapDDPM distinguishes itself by inte-
grating graph-based data representations with a score-based
diffusion model, further enhanced by a unique spectral ad-
versarial perturbation mechanism applied directly to the
graph’s edge weights. Our methodology effectively ad-
dresses the challenges of generating high-fidelity, biologi-
cally plausible scRNA-seq data, conditionally on cellular
metadata.

The core advancements of LapDDPM include:

1. Leveraging Laplacian Positional Encodings (LPEs) to

enrich the latent space with crucial cellular relationship
information.

2. Developing a conditional score-based diffusion model
for effective learning and generation from complex
scRNA-seq distributions.

3. Employing a unique spectral adversarial training
scheme on graph edge weights, boosting robustness
against structural variations.

Our extensive experimental evaluation across diverse
scRNA-seq datasets rigorously validates LapDDPM’s ef-
fectiveness. Quantitatively, the model consistently achieves
low RBF-kernel Maximum Mean Discrepancy (MMD) and
2-Wasserstein distances between generated and real data
distributions in the PCA-projected space, demonstrating
high fidelity. The successful conditional generation further
highlights LapDDPM’s utility in synthesizing cell-type or
tissue-specific profiles, which is crucial for targeted biologi-
cal investigations.

Looking forward, several promising avenues emerge for
future research to further enhance LapDDPM’s capabilities
and applicability. We aim to explore further optimizations
in memory usage and training efficiency for extremely large-
scale datasets, potentially involving sub-sampling strategies
or distributed training paradigms. Extending LapDDPM
to generate multi-modal single-cell data, such as simulta-
neous gene expression and chromatin accessibility, would
significantly broaden its utility in comprehensive single-
cell genomics. Additionally, investigating more granular
or continuous conditioning mechanisms, like conditioning
on cell states or perturbation effects, could enable more so-
phisticated in-silico experiments. The integration of these
research directions holds the potential to evolve LapDDPM
into an even more powerful and versatile tool for advancing
single-cell genomics research and its applications.
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