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Abstract

Single-cell approaches provide insights into individual cells, enabling measurement of
gene expression and chromatin accessibility (Peaks). However, understanding how
they influence each other remains a central challenge, since regulatory interactions
span long genomic distances, as well as the sparsity and high dimensionality of
single-cell data.

This thesis investigates the use of Variational Autoencoders (VAEs) to model the
relationships between gene expression and chromatin accessibility. The single-cell
matrices of gene expression and peaks were obtained from the PBMC 3k and PBMC
10k datasets (10x Genomics), which relate to human immune cells. Three VAE-based
architectures were implemented, including the main Gene—Peak—Gene (GPG) model,
a reverse Peak—Gene—Peak (PGP) model, and a dual VAE with a shared loss term.
The GPG model achieved the best performance.

This model can be viewed as two sequentially connected VAEs: the first one
encodes gene expression to reconstruct chromatin accessibility, and its output is then
processed by the second one to reconstruct gene expression. This design enables
learning of a biologically meaningful latent space while supporting translation between
modalities. Alternative architectures, including PGP and the shared-loss VAEs, were
less effective as a result of sparsity and architectural limitations.

Latent space analysis for the GPG model reveals that cellular structure is well-
preserved, with an F1 score of up to 79% when comparing gene-expression clusters to
those in the latent representation. The reconstructions of gene expression and peaks
were also analyzed, showing adequate recovery of relationships between modalities.

An explainability framework was applied to assess regulatory interactions: a se-
lected gene within an individual cell was perturbed, and the modified gene expression
vector was repeatedly passed through the stochastic VAE model. Due to the proba-
bilistic nature of the network, multiple forward passes were performed to obtain a
distribution of predicted chromatin accessibility changes. Peaks consistently affected
across runs were identified as potential regulatory targets of the perturbed gene.
This analysis was conducted for several well-known marker genes and biologically
relevant cells, enabling identification of peaks most strongly associated with each
gene and offering insights into gene—peak regulatory relationships at the single-cell

level.
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Chapter 1
Introduction

Single-cell sequencing technologies have transformed our ability to study cellular
behavior by enabling the measurement of gene expression and chromatin accessibility
within individual cells [6]. Gene expression reflects the transcriptional output of a cell
[7], while chromatin accessibility captures the structural organization of chromatin,
identifying genomic regions where DNA is accessible to transcription factors and
regulatory proteins [8]. Together, these modalities offer complementary perspectives
on cellular state and regulatory activity [9].

These two modalities are functionally coupled, as chromatin accessibility con-
strains transcriptional activity and transcriptional processes can modify chromatin
structure [10]. However, translating between these two layers of information remains
a central computational problem [11]. In particular, understanding how changes in
gene expression relate to changes in chromatin accessibility requires models capable
of learning structured dependencies across modalities [12].

This thesis proposes a structured variational autoencoder framework to model
gene—peak relationships in single-cell data. The model learns cross-modality rep-
resentations that enable translation between RNA-seq and ATAC-seq profiles and
allow controlled perturbations in one modality to propagate to the other.

To motivate the computational analysis that follows, it is first appropriate to
consider the biological context in which gene expression and chromatin accessibility
are studied. The development of Next-Generation Sequencing (NGS) technologies
made it possible to profile nucleic acids in a rapid, scalable, and high-throughput
manner, thereby substantially expanding the ability to characterize molecular states
in biological systems [13]. In transcriptomics, these technological advances gave
rise to sequencing-based approaches capable of measuring RNA abundance across
complex biological samples [14].

Early transcriptomic analyses were primarily performed in bulk, producing mea-



surements averaged across large cell populations [14]. Although highly informative,
such approaches do not resolve cell-to-cell variability and therefore cannot fully cap-
ture the heterogeneity that often characterizes complex tissues [15]. The development
of single-cell sequencing addressed this limitation by enabling molecular profiling at
the resolution of individual cells, thereby supporting the characterization of cellular
variability and the identification of distinct cellular states [16, 6].

Within this framework, the first modality considered is gene expression. It is
the process by which information encoded in DNA is used to produce functional
molecules within a cell. In its first stage, known as transcription, specific regions of
DNA are transcribed into messenger RNA (mRNA) molecules by RNA polymerase.
The level of mRNA produced for a given gene reflects the extent to which that gene
is actively being transcribed.

These mRNA molecules serve as templates for protein synthesis, carrying genetic
instructions from the nucleus to the ribosomes where proteins are produced. Through
this process, gene expression ultimately determines the proteins present in a cell and
thereby influences cellular structure and function.

Transcription is regulated by the interaction of transcription factors and other
regulatory proteins with specific DNA regions, such as promoters and enhancers.
These regulatory mechanisms determine when and to what extent a gene is expressed,
thereby shaping the functional state of the cell [7].

In single-cell RNA sequencing (scRNA-seq), the abundance of mRNA molecules
is quantified within individual cells, providing a snapshot of transcriptional activity
at cellular resolution [6]. Figure 1.1 summarizes the relationship between DNA
regulatory architecture, RNA transcript production, and the resulting cell x gene
matrix used in single-cell RNA sequencing analyses.

Complementary to gene expression, the second modality considered is chromatin
accessibility. This modality reflects the structural organization of chromatin, in
which DNA is wrapped around histone octamers to form nucleosomes and arranged
into a compact yet functionally regulated structure. This organization allows the
long genome to fit within the nucleus while remaining accessible to regulatory control.
As shown in Figure 1.2, chromatin organization depends on nucleosome positioning,
which determines whether DNA regions are accessible or tightly compacted [7].

The structural state of chromatin influences gene activity. When chromatin
is tightly packed, DNA becomes less accessible to transcription factors and other
regulatory proteins. When more relaxed, these proteins can easily bind and facilitate
transcriptional initiation. Therefore, chromatin accessibility reflects the regulatory

potential of specific genomic regions, such as promoters and enhancers [10].
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Figure 1.1: Overview of gene expression and its measurement. Regulatory elements
such as enhancers and promoters modulate transcription by recruiting RNA poly-
merase, leading to the synthesis of messenger RNA (mRNA). The quantity of mRNA
produced reflects gene activity. In single-cell RNA sequencing, transcript abundance
is measured across individual cells and organized into a cell x gene expression matrix.

ATAC-seq (Assay for Transposase-Accessible Chromatin using sequencing) is
a technique used to measure genome-wide chromatin accessibility. A transposase
enzyme preferentially inserts sequencing adapters into open DNA regions, which
are then amplified and sequenced to identify accessible genomic regions, commonly
referred to as peaks [8]. In single-cell ATAC-seq, accessibility is measured at the
resolution of individual cells, resulting in a sparse and high-dimensional matrix of
cells by peaks due to low read coverage per cell [10].

The two modalities considered above provide complementary information about
cellular regulation. Biological systems are regulated through multiple interconnected
molecular layers. Gene expression reflects a major functional output of a cell, while
chromatin accessibility captures the structural state of the genome and its regulatory
potential. Each modality provides only a partial view of cellular behavior. Integrating
them enables a more comprehensive understanding of how regulatory mechanisms
shape transcriptional programs [9].

In the context of single-cell analysis, multi-omic integration aims to jointly analyze
different molecular measurements obtained from the same cells or comparable cellular
populations [11]. By combining RNA-seq and ATAC-seq data, it becomes possible
to link regulatory elements, such as accessible chromatin regions, to downstream
transcriptional activity. This integration supports the identification of regulatory

relationships that cannot be inferred from either modality alone [17].
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Figure 1.2: Schematic representation of chromatin structure. DNA wraps around
histone octamers to form nucleosomes. In closed chromatin, nucleosomes are tightly
packed, limiting DNA accessibility. In open chromatin, nucleosome spacing allows
access to regulatory proteins, and the Tn5 transposome preferentially inserts into
these accessible regions, as utilized in ATAC-seq [1].

Beyond biological interpretation, multi-omic integration facilitates the construc-
tion of shared representations of cellular state [11]. A unified representation can
improve clustering, enhance cell-type identification, and enable cross-modality trans-
lation, where one modality is predicted from the other [12]. Such translation is
particularly valuable when one measurement is missing or experimentally expensive.

Therefore, multi-omic integration is not merely a data-merging procedure, but a
modeling challenge that seeks to capture structured dependencies across heteroge-
neous molecular layers. Developing computational frameworks capable of learning
these cross-modal relationships is essential for advancing single-cell systems biology.

Despite the potential of multi-omic integration of single-cell RNA-seq and ATAC-
seq data, several challenges arise from the intrinsic properties of these modalities.
Both datasets are high-dimensional, with thousands of genes and tens of thousands
of peaks, making direct modeling difficult and prone to overfitting [9].

Sparsity is a major limitation, particularly in ATAC-seq data, where only a
small subset of genomic regions are accessible in each cell. This results in noisy
and incomplete observations, complicating the identification of consistent gene—peak
relationships [10].

Additionally, the two modalities differ in their statistical characteristics and
measurement scales, making naive alignment ineffective. Regulatory interactions are
also often nonlinear and may involve long-range genomic effects, requiring flexible
models capable of capturing complex dependencies [11].

These factors make multi-omic integration a non-trivial modeling problem and



motivate the use of deep generative approaches capable of learning structured cross-
modal representations [12].

Among such approaches, Variational Autoencoders (VAEs) are designed to learn
compact and structured representations of high-dimensional data [4]. Unlike classical
autoencoders, which learn deterministic mappings between inputs and latent repre-
sentations, VAEs introduce a stochastic latent space that captures the underlying
data distribution. This probabilistic formulation enables the model not only to
compress information but also to generate new samples consistent with the learned
structure.

A VAE consists of two main components: an encoder and a decoder. The
encoder maps high-dimensional input data to a lower-dimensional latent space by
estimating the parameters of a probability distribution, typically a Gaussian. Instead
of producing a single latent vector, the encoder outputs a mean and variance that
define a distribution over latent variables. A latent sample is then drawn from
this distribution and passed to the decoder, which reconstructs the original input.
Through this process, the model learns a continuous latent space that organizes data
according to shared structural patterns. Figure 1.3 illustrates the general architecture
of a VAE.

This framework is particularly suitable for single-cell omic data. Both RNA-seq
and ATAC-seq measurements are characterized by high dimensionality, sparsity, and
technical noise. By projecting such data into a lower-dimensional latent space, VAEs
can capture essential biological variation while reducing noise and redundancy. The
probabilistic nature of the model further allows it to account for uncertainty inherent
in single-cell measurements. Moreover, neural network-based encoders and decoders
enable the modeling of nonlinear dependencies, which are crucial for capturing
complex regulatory relationships between genes and chromatin accessibility regions.

Training a VAE involves optimizing a variational objective that balances accurate
reconstruction with regularization of the latent space. This regularization encourages
smooth and structured representations, facilitating interpolation and cross-modality
translation. As a result, VAEs provide a principled framework for learning shared
representations across heterogeneous biological modalities.

Building on these properties, this thesis adopts and extends the VAE framework to
model relationships between gene expression and chromatin accessibility. Structured
architectures are designed to enable translation between modalities and to support
interpretability through controlled perturbations in the latent and input spaces.

This thesis advances the modeling of gene—peak regulatory relationships in single-

cell multi-omic data through the development of structured Variational Autoencoder-
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Figure 1.3: General architecture of a Variational Autoencoder. The encoder trans-
forms the input into the parameters of a latent distribution (u, o); here, as an
example, a Gaussian distribution is assumed. A stochastic latent variable z is then
obtained via the reparameterization trick using € ~ N (0, I), and the decoder recon-
structs the input from z.

based architectures, their systematic training and comprehensive evaluation, together
with a perturbation-based framework for explainability.

The study was conducted on the PBMC 3k and PBMC 10k single-cell multi-omic
datasets released by 10x Genomics [18], which provide paired RNA-seq and ATAC-seq
measurements from peripheral blood mononuclear cells (PBMCs). These datasets
are characterized by high dimensionality and sparsity. Accordingly, a dedicated data
preparation pipeline was implemented, including modality-specific preprocessing steps
followed by cross-modality harmonization to prepare the data for joint modeling.

Three structured Variational Autoencoder-based architectures for cross modal
integration were developed and systematically compared. The Gene—Peak—Gene
(GPG) and Peak—Gene—Peak (PGP) models implement sequential cross modal
translation through chained latent mappings between modalities, whereas the dual
VAE architecture consists of two independent modality specific VAEs coupled through
a shared latent alignment loss term. The experiments demonstrate that the GPG
architecture achieves stronger preservation of latent structures and improved quality
of reconstruction.

This was followed by a comprehensive evaluation strategy to assess both latent
representation quality and cross-modality translation performance. Latent spaces
were analyzed with respect to gene-expression—derived cluster structure. Translation
performance was also evaluated through reconstruction analysis of gene expression
and binary peak accessibility profiles. These evaluations assess whether the model
preserves cluster integrity and generates consistent reconstructions.

An explainability framework based on controlled gene perturbations was also



applied to the GPG architecture to investigate regulatory interactions. By system-
atically modifying gene expression values of known marker genes and performing
repeated stochastic forward passes, distributions of predicted changes in chromatin
accessibility were obtained. Peaks consistently affected across stochastic forward
passes were identified as candidate regulatory targets, highlighting stable gene—peak

associations despite stochastic variability arising from latent sampling.



Chapter 2

Background

2.1 Single-Cell Gene Expression

Single-cell RNA sequencing (scRNA-seq) enables the measurement of gene expression
at the resolution of individual cells, rather than averaging signals across heterogeneous
populations. As shown in Figure 2.1b, individual cells are partitioned into separate
droplets, enabling independent transcript profiling. Since its introduction [19], the
technology has evolved into a high throughput platform capable of profiling thousands
to ten thousands of cells within a single experiment, particularly through droplet
based systems such as those introduced by 10x Genomics [2]. As illustrated in
Figure 2.1, droplet-based scRNA-seq platforms encapsulate individual cells together
with barcoded gel beads inside microfluidic droplets, referred to as Gel Bead-in-
Emulsions (GEMs), enabling cell-specific transcript labeling and digital counting.
In contrast to bulk RNA sequencing, which produces an averaged transcriptomic
signal, scRNA-seq preserves cellular heterogeneity and supports the identification
of distinct cell types and dynamic gene expression profiles. However, this increased
resolution faces statistical and computational challenges related to sparsity, technical
noise, and high dimensionality [6]. Within a multi-omic framework, gene expres-
sion constitutes one modality whose structural and statistical properties should be

characterized before joint modeling [20].

2.1.1 Matrix Representation

The scRNA-seq dataset is represented as the matrix defined in Equation 2.1.

XRNA) g RNXC (2.1)

Where N denotes the number of cells and G the number of genes. Each entry z;;
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Figure 2.1: GEMCode single-cell RNA-seq technology and computational processing
pipeline. (a) Microfluidic workflow for generating Gel Bead-in-Emulsions (GEMs),
where individual cells are encapsulated with barcoded gel beads. (b) Formation of
single-cell GEMs through droplet-based partitioning of cells, reagents, and barcoded
primers. (c)distribution of gel beads within GEMs, illustrating efficient single-cell
partitioning. (d) Structure of gel bead oligonucleotides containing Illumina adapters,
cell barcodes, unique molecular identifiers (UMIs), and poly(dT) sequences for reverse
transcription. (e) Structure of final library molecules prepared for sequencing. (f)
Overview of the Cell Ranger processing pipeline, culminating in the generation of the
gene-barcode count matrix, which serves as the basis for downstream computational
analysis. Reproduced from [2].

corresponds to the observed transcript count (or a normalized expression value) of
gene j in cell i.

The matrix defined above exhibits several structural and statistical characteristics
that influence downstream analysis and modeling. As shown in Figure 2.1f, sequencing
reads are processed into a gene—barcode count matrix, which forms the basis of the

formal matrix representation.

2.1.2 Structural Properties
The scRNA-seq datasets have structural characteristics that shape the organization

of the expression matrix.

High Dimensionality. The dimensionality of scRNA-seq datasets are typically

high. Modern experiments quantify thousands of genes across thousands to tens



of thousands of cells [2]. In many settings, the number of features G substantially
exceeds the number of observations N, producing a high-dimensional feature space

that motivates dimensionality reduction or latent variable modeling approaches.

Sparsity and Zero Inflation. A defining property of scRNA-seq matrices is
sparsity, in which a large proportion of entries z;; are zero. These zeros may arise from
genuine biological absence of expression or from technical dropouts where transcripts
are not detected. Consequently, the matrix X N4 often exhibits substantial sparsity,
particularly for lowly expressed genes [6].

Although early analyses emphasized zero inflation as a dominant characteristic,
more recent work suggests that much of the observed sparsity can be explained
through appropriate count-based statistical models without requiring explicit zero-
inflated assumptions. Nevertheless, sparsity significantly influences downstream

modeling and representation learning [21].

Normalization Considerations. Raw counts are not directly comparable across
cells due to differences in sequencing depth and technical variability. Normalization
is therefore an essential preprocessing step. Strategies typically aim to adjust for
library size differences and stabilize variance across genes. Methods based on variance-
stabilizing transformations or regularized negative binomial regression have been
proposed to mitigate technical effects and account for overdispersion [22].

The choice of normalization impacts the geometry of the expression space and can

influence subsequent clustering, dimensionality reduction, and generative modeling.

2.1.3 Statistical Properties

In addition to structure, scRNA-seq data also exhibit statistical properties that

influence modeling.

Count-Based Nature of Data. The primary measurements are discrete counts
reflecting the number of captured transcripts associated with each gene. As shown
in Figure 2.1d, transcripts are labeled with unique molecular identifiers (UMIs),
enabling digital counting of individual RNA molecules. These counts are non-negative
integers influenced by both biological expression levels and technical factors such as
sequencing depth and capture efficiency [6]. As a result, gene expression datasets are
inherently stochastic and require statistical modeling frameworks capable of handling

count-based observations.
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Overdispersion. Gene expression counts frequently display overdispersion,
meaning that their variance exceeds their mean. This behavior deviates from the
assumptions of simple Poisson models and reflects both biological heterogeneity
and technical variability. Statistical frameworks based on the Negative Binomial
distribution are commonly employed to accommodate this variance structure [22].
Overdispersion indicates that variability across cells cannot be attributed solely to
sampling noise.

Technical Noise. Technical noise arises from stochastic transcript capture,
amplification bias, and variation in sequencing depth. In droplet-based platforms,
transcript detection is inherently probabilistic, introducing measurement variability
across cells [2]. Without appropriate preprocessing, such noise can distort expression
estimates and generate spurious correlations. Normalization and variance-stabilizing
approaches are designed to mitigate these effects [6].

Biological Variability. In addition to technical effects, scRNA-seq data capture
genuine biological heterogeneity. Differences in cell identity, activation state, cell cycle
phase, and regulatory programs give rise to structured variation in the expression
matrix. This variability reflects underlying regulatory mechanisms and provides one
molecular layer that may be linked to chromatin accessibility in multi-omic analyses
[20].

Taken together, high dimensionality, sparsity, and overdispersion motivate the
use of flexible probabilistic frameworks capable of learning structured representations

while remaining robust to noise.

2.2 Single-Cell Chromatin Accessibility

Assay for Transposase-Accessible Chromatin using sequencing (ATAC-seq) is a
technique used to measure chromatin accessibility at epigenomic level. In single-
cell ATAC-seq (scATAC-seq), accessibility is profiled at the level of individual
cells. Regions of open chromatin are identified through preferential insertion of a
transposase enzyme (Tn5), producing sequencing reads that mark accessible genomic
regions. As illustrated in Figure 2.2, ATAC-seq signal arises from Tnb insertion
patterns that generate characteristic fragment distributions and enable identification
of accessible regions and footprints. These accessible regions, commonly referred
to as peaks, are interpreted as candidate regulatory elements such as promoters
and enhancers. As shown in Figure 2.2C, footprint detection can further support
transcription factor binding inference and regulatory network reconstruction.

Within a multi-omic framework, chromatin accessibility represents a complemen-
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Figure 2.2: Schematic and real ATAC-seq signal illustrating fragment generation,
peak calling, and footprint detection. (A) Tnb transposase preferentially inserts
into nucleosome-free regions (NFRs), generating fragments corresponding to open
chromatin and nucleosome-bound DNA. (B) Example genomic signal tracks showing
raw signal, bias correction, and peak detection using count-based, shape-based,
and HMM-based methods. (C) Illustration of transcription factor (TF) footprint
detection and regulatory network inference from ATAC-seq data. Reproduced from

[3].

tary molecular layer to gene expression. While RNA-seq captures transcriptional
output, ATAC-seq reflects the regulatory landscape that enables or restricts tran-

scriptional activity.

2.2.1 Matrix Representation

Single-cell ATAC-seq datasets are represented as a cell x peak matrix:

X(ATAC’) c RNXP (22)

where N denotes the number of cells and P the number of genomic peaks. Each

entry x;; corresponds to the accessibility signal of peak j in cell 7. Depending on
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modeling choices, accessibility values may be represented as binary indicators (peak
presence or absence) or as integer fragment counts.

In contrast to gene expression matrices, peaks do not correspond directly to genes.
Instead, they represent genomic intervals that may contain regulatory elements

influencing gene expression.

2.2.2 Structural Properties

Extreme Sparsity. A defining structural characteristic of scATAC-seq data is
extreme sparsity. For most cells, only a small fraction of all possible peaks are detected
as accessible. As shown in Figure 2.2A, fragment classes such as nucleosome-free
regions (NFRs) and nucleosome-bound fragments arise from Tnb insertion patterns,
but in single-cell data only a limited subset of these fragments is observed per cell.

Consequently, the matrix X (AT4¢)

contains a high proportion of zero entries, often
substantially higher than in scRNA-seq datasets. Specifically, in peripheral blood
mononuclear cell (PBMC) multiome datasets produced using 10x Genomics protocols,
the scATAC-seq matrix is typically extremely sparse, with the vast majority of entries
equal to zero [23]. This reflects both biological specificity of regulatory regions and

technical limitations in fragment detection.

High Dimensionality and Dimensional Imbalance. The number of peaks P
typically exceeds the number of genes measured in scRNA-seq experiments, often by
an order of magnitude. This substantial dimensional imbalance results in a highly
over parameterized feature space and causes significant challenges for representation

learning and integration with transcriptomic data.

Binary vs. Count Representation. Different modeling strategies have been
adopted for representing scATAC-seq peak matrices. Several early and widely used
pipelines treat accessibility as a binary peak presence or absence matrix, particularly
when combined with TF-IDF normalization and latent semantic indexing [24, 23].
In contrast, other frameworks model fragment counts directly within probabilistic
or deep generative settings [25, 26]. The choice between binary and count-based

representations influences downstream similarity metrics and learning objectives.

2.2.3 Statistical Properties

Single-cell ATAC-seq data exhibit several statistical characteristics arising from

sequencing and fragment recovery processes. A major source of variability is het-
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erogeneity in sequencing depth across cells, as total fragment counts can vary
substantially [24, 27]. This depth variation affects effective coverage and influences
the probability of detecting accessibility at individual peaks.

Beyond depth heterogeneity, accessibility detection is subject to fragment-level
sampling variability. Because individual peaks are typically supported by limited
fragment evidence per cell, observed accessibility reflects both underlying chromatin
state and stochastic capture effects, leading to elevated cell-to-cell variance compared
to bulk chromatin accessibility assays [24].

Additional variability arises from peak calling procedures and sequence-dependent
Tnb5 insertion biases. As illustrated in Figure 2.2B, different peak calling and bias-
correction strategies can produce varying accessibility tracks from the same underlying
fragment data. Peak definitions depend on coverage and thresholding choices [24, 27],
while insertion bias and fragment size distributions contribute to non-uniform signal
across genomic regions [28, 27].

Collectively, these factors produce depth-dependent detection probabilities and
high sampling variance at the peak level, shaping the statistical assumptions under-

lying downstream analysis and cross-modal integration.

2.3 Cross-Modal Integration

Single-cell multi-omic technologies provide complementary measurements of cellular
state, most commonly pairing gene expression with chromatin accessibility. As
scRNA-seq captures transcriptional output and scATAC-seq reflects the accessibility
landscape of regulatory regions modulating gene activity, integrating these modalities
is therefore important for obtaining a more complete representation of cell identity
and regulatory programs [20, 6].

In this thesis, cross-modal integration refers to computational approaches that
jointly analyze gene expression and chromatin accessibility data to learn coherent
cell-level representations and capture relationships between modalities. This goes
beyond simple feature concatenation, as their measurements reside in different feature

spaces and exhibit distinct statistical properties [23].

2.3.1 Integration Objectives

Cross-modal integration is commonly formulated around three objectives that support

downstream analysis and multi-omic interpretation.

o Joint representation learning: Learning a shared low-dimensional space
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that aligns cells across modalities while preserving biologically meaningful

variation, enabling consistent visualization and clustering [20, 23].

o Cross-modal translation: Predicting one modality from the other (e.g., RNA
from ATAC) to capture directional associations between chromatin state and

transcriptional output, and to support interpretability and prediction [12, 29].

e« Modality completion: Inferring missing or partially observed modality
measurements to harmonize datasets and improve downstream analysis when

measurements are incomplete [29].

2.3.2 Why Integration Is Non-Trivial

Despite clear objectives, integrating scRNA-seq and scATAC-seq data is challenging
due to fundamental differences between modalities. As illustrated in Figure 2.3,
cross-modal integration must reconcile heterogeneous feature spaces, dimensional

imbalance, statistical mismatch, and nonlinear regulatory relationships.

scRNA-seq: scATAC-seq:
Gene Expression Chromatin Accessibility
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Figure 2.3: Conceptual overview of challenges in cross-modal integration. scRNA-
seq produces a cell x gene matrix characterized by overdispersed counts, whereas
scATAC-seq yields a highly sparse cell x peak matrix. Integration requires reconciling
heterogeneous feature spaces (genes vs peaks), dimensional imbalance (P > G),
statistical mismatch, and nonlinear regulatory relationships.

First, the modalities occupy heterogeneous feature spaces: RNA measurements
are indexed by genes, whereas ATAC measurements are indexed by genomic peaks.
Peaks do not map one-to-one to genes and may act distally, creating a many-to-many

and context-dependent relationship between accessibility and expression [6].
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Second, there is a strong dimensional imbalance. In typical datasets, the number
of peaks exceeds the number of genes by a large margin (P > (), leading to a highly
asymmetric learning problem. This imbalance can dominate similarity calculations
and bias representation learning if not addressed.

Third, the modalities exhibit different distributional properties. scRNA-seq data
are commonly modeled as overdispersed counts, whereas scATAC-seq measurements
are often extremely sparse and near-binary at the single-cell level. The resulting
sparsity mismatch and scale differences make naive alignment strategies unreliable
6, 23].

Finally, the biological relationship between chromatin accessibility and transcrip-
tion is indirect and frequently nonlinear. Accessibility may be necessary but not
sufficient for expression, and regulatory control is often combinatorial, involving
multiple elements and context-specific effects [30, 29].

These challenges indicate that cross-modal integration cannot be addressed
through simple alignment or feature matching. Instead, it requires modeling frame-
works capable of capturing nonlinear and context-dependent relationships while
remaining robust to sparsity and dimensional imbalance. Designing such mod-
els is essential for preserving meaningful cellular structure and enabling reliable

cross-modality analysis.

2.4 Variational Inference and Variational Autoen-

coders

Latent variable models provide a principled way to represent high-dimensional obser-
vations using a lower-dimensional set of unobserved variables that capture underlying
factors of variation. This perspective is useful for single-cell measurements, where
a compact latent representation can model biological state while accounting for
noise and uncertainty [31, 32]. Variational inference offers a scalable approximation
framework when exact Bayesian inference is intractable [33, 31]. Variational Autoen-
coders (VAEs) combine variational inference with neural networks, enabling flexible
nonlinear generative models trained efficiently with stochastic gradient optimization
[4, 34].
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2.4.1 Latent Variable Models and Intractable Posteriors

Let * € X denote an observation (e.g., a single-cell profile) and z € R? a latent

variable. A standard latent variable model defines the joint distribution

po(,z) = po(z) po(z | 2) (2.3)

where py(z) is a prior and pg(x | z) is the likelihood (generative model), parameterized
by 6.

Inference requires the posterior py(z | z), which depends on the evidence py(z):

(e |2y = E2) (e | 2) o)

po(x) B S po(2) po(x | 2) dz

For expressive likelihoods (e.g., neural decoders) the integral is generally intractable,
making exact posterior inference and exact maximum-likelihood learning difficult
at scale [33, 31]. This motivates approximate inference. Figure 2.4 summarizes the
latent variable generative model and the variational approximation used to bypass
the intractable posterior. The solid arrows describe the generative process, while the

dashed arrow indicates the amortized variational distribution used for inference.

Figure 2.4: Directed graphical model of the latent-variable framework considered in
variational inference. Solid arrows represent the generative process defined by the
prior pg(z) and the likelihood py(z | 2). The dashed arrow indicates the variational
distribution g4(z | x), introduced to approximate the posterior py(z | ), which is
generally intractable. Model parameters 6 and variational parameters ¢ are optimized
jointly via maximization of the ELBO. Adapted from [4].

2.4.2 Variational Inference and the Evidence Lower Bound
(ELBO)

Variational inference approximates the intractable posterior ps(z | ) with a tractable

variational family ¢,(z | z) parameterized by ¢ [33, 31]. The approximation is
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obtained by maximizing a lower bound on log py(x).

Starting from the marginal likelihood,

po(z, 2)
log pe () log/pg r,z)dz = log/q z | x>9(|95) dz (2.5)

and applying Jensen’s inequality yields the Evidence Lower Bound (ELBO):

L(0,¢;x) = Eg, o [log po(z, 2) —log gs(z | z)] (2.6)

Using the factorization in Eq. (2.3), the ELBO admits the decomposition

L0, ¢;x) = Eq, oy [log po (2 | 2)] — KL(gs(2 | ) [| pa(2)) (2.7)

The first term corresponds to the expected log-likelihood (reconstruction term),
while the Kullback—Leibler divergence regularizes the approximate posterior toward
the prior distribution. This regularization constrains the information capacity of the
latent variables, promotes smoothness in the latent space, and acts as a complexity

penalty that mitigates overfitting [31].

2.4.3 Stochastic and Amortized Variational Inference

Classical variational inference often uses coordinate-ascent updates under restrictive
families such as mean-field approximations [33]. For large datasets, stochastic
variational inference (SVI) replaces full-data updates with minibatch-based stochastic
gradients, enabling scalable optimization [35].

A further key idea is amortized inference, where g4(z | =) is produced by a
shared function of x rather than separate variational parameters per data point
[4, 34]. In practice, this function is implemented via a neural network that outputs

the parameters of g,(2 | ), enabling fast inference for new observations.

2.4.4 Variational Autoencoders

A Variational Autoencoder (VAE) is a latent variable model in which both the
approximate posterior g4(z | ) (encoder) and the conditional likelihood py(x | 2)
(decoder) are parameterized by neural networks [4, 34]. Given a prior distribution
p(z), typically chosen as N (0, ), the model defines the joint distribution pg(z, 2) =
ool | 2)p(2)

The encoder maps an input x to the parameters of a variational distribution. A
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common choice is a diagonal Gaussian:

go(z | ) = N (25 po(x), diag(o(x))) (2:8)

where py(z), 04(z) € R? and d is the latent dimensionality.
Training is performed by maximizing the Evidence Lower Bound (ELBO). For a

single sample x, the objective is

Lyan(r) = Egy (s [log po(z | 2)] = BKL(ge(2 | 7) [ p(2)) (2.9)

where 5 > 0 controls the trade-off between reconstruction accuracy and latent
regularization (with 8 = 1 recovering the standard VAE).
For the Gaussian prior p(z) = N(0,I) and diagonal posterior, the KL term

admits the closed form
o 1 d 2 2 2
KL =33 (45 + 0} ~logo — 1) (2.10)
7j=1

The expectation term is approximated using the reparameterization trick:

e ~N(0,1) (2.11)
2= y(T) + 0p(x) O € (2.12)

which enables low-variance gradient estimation and optimization via stochastic

gradient descent.

2.5 Existing Modeling Approaches for Cross-Modal

Integration

A large body of work has proposed computational strategies to integrate scRNA-seq
and scATAC-seq, motivated by the fact that transcriptional output and chromatin
accessibility capture complementary aspects of cellular state. Existing approaches
differ not only in their methodological design, but also in the objectives they target.
A subset of existing methods are designed for paired data (where both modalities are
observed in the same cells). Other methods are designed for unpaired data, in which
modalities are measured on different cells, but still drawn from the same biological
system. More recent works also consider “mosaic” settings, in which different datasets

provide only partial coverage of feature spaces or modalities.
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Cross-modal integration is commonly framed around three modeling goals: learn-
ing shared cell representations, enabling cross-modal translation, and completing
missing modalities. This section organizes existing methods into four approach
families: (i) shared embedding models, (ii) alignment-based models, (iii) translation-
based models, and (iv) probabilistic generative models. Table 2.1 provides a compact
overview of these approach families and representative models, together with their
typical data settings. Although all four approach families are reviewed in this chapter,
the model developed in this thesis belongs primarily to the class of probabilistic
generative models, using VAE-based architectures trained on paired gene expression
and chromatin accessibility data to learn a structured shared latent representation

and support perturbation-based interpretability of gene—peak associations.

Approach Type Models (setting)
MOFA+ (Paired, Mosaic)
Shared Factorization-based embedding = LIGER (Unpaired)
Embedding UINMF (Mosaic)
Graph-based embedding WNN/Seurat (Paired)
Manifold alignment MATCHER (Unpaired)
Alignment Geometry-based alignment UnionCom, SCOT, Pamona
(Unpaired)
Graph-guided alignment GLUE (Unpaired)
- BABEL (Paired train)
Translation scButterfly (Paired/Unpaired
train)

scMVP, multiDGD, factVAE
Generative (Paired)

Probabilistic MultiVI (Paired, Unpaired)

Table 2.1: Overview of major model families for integrating scRNA-seq and scATAC-
seq, organized by approach and type. Parentheses indicate the typical data setting
for each method. The word train means the model was trained using data in that
setting, but it does not necessarily require the same setting at inference/application
time.

2.5.1 Shared Embedding Models

Shared embedding models aim to represent cells from multiple modalities in a common

low-dimensional space. The central idea is that while genes and peaks live in different
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feature spaces, they reflect shared underlying biological structure (cell types, states,
trajectories). Joint embedding frameworks therefore seek a representation that

preserves this structure while aligning cells measured in different modalities.

Factorization-based embedding

A classical approach is to model each modality as a linear or approximately linear
function of a shared latent representation. Multi-Omics Factor Analysis (MOFA+)
is a representative framework that extends Bayesian factor analysis to multi-view
settings, learning latent factors that explain variation across modalities while allowing
modality-specific loadings [11]. Such models offer interpretability through factor
loadings, and can separate shared from modality-specific signals under suitable priors
and likelihood choices.

Another influential family uses nonnegative matrix factorization to learn shared
components. LIGER introduces integrative nonnegative matrix factorization (iNMF),
which decomposes each dataset into shared factors and dataset-specific components,
enabling integration while preserving unique structure [36]. Extensions such as
UINMF address mosaic integration scenarios by explicitly incorporating unshared
features into the factorization, improving integration when different datasets contain
partially overlapping feature sets [37]. These methods are attractive for their scala-
bility and often stable behavior on large datasets, especially when the main objective
is a joint embedding for clustering and visualization.

Despite their practical success, factorization-based approaches typically rely on
simplified assumptions about cross-modal relationships. The mapping between
accessibility peaks and target genes is indirect and often nonlinear, and linear latent
factorization may not fully capture complex regulatory dependencies. As a result,
these methods tend to be most effective when integration is interpreted as recovering

shared cellular geometry rather than learning explicit peak—gene regulatory mappings.

Graph-based embedding

A more recent direction constructs integrated cell graphs rather than directly opti-
mizing a shared matrix decomposition. In Seurat’s multimodal analysis, Weighted
Nearest Neighbor (WNN) analysis builds a neighborhood graph by combining
modality-specific representations using cell-specific weights, allowing each modality
to contribute adaptively depending on its local signal quality [23]. The integrated
graph then supports standard downstream tasks such as clustering and visualization.

Graph-based joint embedding approaches are particularly effective in paired

multiome settings because the cell identity correspondence between modalities is
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known. Their main strength is flexibility: modality-specific preprocessing can be
tailored (e.g., TF-IDF and LSI for ATAC; normalization and PCA for RNA), and
integration happens at the level of cell-cell relationships rather than raw features.
However, because the objective is primarily neighborhood preservation, these methods
may provide limited support for explicit cross-modal translation or uncertainty-aware

imputation unless additional modeling layers are introduced.

2.5.2 Alignment-Based Models

Alignment-based methods are designed to integrate modalities even when the mea-
surements are unpaired, by aligning the geometric structure of cell manifolds across
modalities. Instead of assuming a direct feature correspondence between peaks and
genes, these methods rely on the hypothesis that cells from the same biological
system occupy related low-dimensional manifolds, even though they are observed

through different measurement functions [38, 39].

Manifold alignment

Early work explored manifold alignment to match cellular trajectories between
modalities. MATCHER aligns manifolds inferred from different single-cell assays and
estimates correspondences between cells measured in different modalities by using
a shared latent “pseudotime” structure [40]. This approach is particularly relevant
for developmental or continuous processes where trajectory structure dominates.
In settings like this, aligning manifolds can reveal coordinated changes between
chromatin and transcription without requiring paired measurements.

The main limitation is that manifold alignment becomes difficult when the
biological structure is not well described by a single dominant trajectory, such as
in complex tissues with many branching lineages and discrete cell types. In those
cases, more general alignment techniques are needed to match heterogeneous cell

populations.

Geometry-based alignment

A widely used class of unpaired integration methods formalizes alignment as matching
of distributions or geometries across modalities. UnionCom proposes an unsupervised
topological alignment approach that seeks correspondences by preserving neighbor-
hood structure between modalities, without requiring feature or cell correspondences
[41]. Optimal transport methods further develop this idea by aligning intra-modality

geometry using transport plans that preserve relational structure. SCOT uses
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Gromov—Wasserstein optimal transport to align single-cell multi-omic datasets by
matching structural distances within each modality rather than raw features [42].
Pamona extends this idea through partial Gromov—Wasserstein alignment, explicitly
accounting for the possibility that only subsets of cells are shared between datasets,
which is common in practice due to sampling or batch effects [43].

These alignment methods are attractive because they can operate without explicit
gene—peak links and can integrate modalities measured on different cells. However,
they typically produce cell correspondences or a shared embedding without directly
modeling cross-modal generation. As a result, while they are strong for joint
visualization and clustering, they are not inherently designed for predictive tasks
such as modality completion or translation, unless additional regression or decoder

components are added.

Graph-guided alignment

A limitation of purely geometry-based alignment is that it may ignore available
biological priors about feature relationships. GLUE addresses this by introducing
a graph-linked unified embedding framework that integrates unpaired single-cell
multi-omics while simultaneously leveraging a guidance graph encoding putative
regulatory links between features [44]. By incorporating cross-feature structure,
GLUE aims to bridge heterogeneous feature spaces in a way that is more biologically
grounded than geometry alone.

Graph-guided alignment improves interpretability and can support downstream
inference of regulatory associations, but the quality of results can depend on the
quality of the guidance graph and preprocessing choices. Moreover, the objective
still primarily targets a shared embedding; explicit bidirectional translation is not

always the main target.

2.5.3 Translation-Based Models

Translation-based methods explicitly model directional mappings between modalities.
The core idea is to learn a function that predicts gene expression from chromatin ac-
cessibility (or vice versa), typically via an encoder—decoder architecture. Translation
can be used as a tool for regulatory interpretation, and as a practical solution to

missing-modality problems when only one assay is available for a dataset.

23



Neural cross-modality translation

BABEL is a representative cross-modality translation framework that learns mappings
between transcriptomic and chromatin profiles, enabling prediction of gene expression
from accessibility and vice versa after training on paired multiomic data [12]. The
translation objective is explicit, which distinguishes this family from joint embedding
approaches whose primary output is a shared latent space. Translation-based models
are particularly appealing in settings where paired data exist for training, but the
target application involves single-modality datasets that would benefit from imputed
complementary measurements.

More recent translation methods incorporate stronger architectural constraints
and augmentation strategies to preserve cellular heterogeneity during translation.
For example, scButterfly proposes a dual-aligned variational autoencoder framework
designed for cross-modality translation, emphasizing robust preservation of cell type
structure while translating between modalities [45]. These developments reflect
an increasing recognition that naive translation can over-smooth cellular diversity,

particularly under extreme sparsity and dimensional imbalance.

Strengths and limitations of translation paradigms

Translation models have clear strengths: they directly address modality completion,
provide a functional mapping that can be applied to new data, and naturally support
tasks such as generating pseudo-multiome profiles from single-modality experiments.
However, translation is fundamentally an ill-posed problem in biology. Accessibility
is only one component of transcriptional regulation, and accessible regions may not
imply active transcription in a given context. In addition, training data may be
biased toward particular cell types or conditions, reducing generalization to new
systems.

From a modeling perspective, many translation methods focus on accurate
reconstruction or prediction, but may not fully quantify uncertainty. This matters in
downstream analysis because predicted modalities should not be treated as equally
reliable as measured data. These concerns motivate the use of probabilistic generative

modeling frameworks.

2.5.4 Generative Probabilistic Models

Generative approaches model each modality as a stochastic observation generated
from latent variables, typically using deep probabilistic models. In single-cell analysis,

these frameworks are attractive because they can incorporate appropriate likelihoods
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for different modalities (overdispersed counts for gene expression; sparse, near-
binary observations for chromatin accessibility peaks) while explicitly accounting for
technical factors such as depth and batch. They also provide a principled basis for

uncertainty-aware imputation and downstream statistical testing.

Single-modality generative models

Deep generative modeling in single-cell transcriptomics has been strongly influenced
by scVI, which introduces a variational autoencoder framework for probabilistic
representation and analysis of scRNA-seq data [32]. scVI formalizes the relationship
between latent cellular state and observed counts through a generative likelihood
that captures overdispersion and technical variability, yielding embeddings that are
robust to noise and scalable to large datasets. Analogous generative models have
been developed for other modalities, including chromatin accessibility, where the
statistical regime differs substantially.

These single-modality frameworks provide the foundation for multi-modal gener-
ative models: once each modality can be modeled probabilistically, joint modeling

can be framed as coupling latent representations and decoders across modalities.

Multi-modal generative models

MultiVT is a representative probabilistic framework for integrating transcriptome
and chromatin accessibility measurements in paired multiome data, while also
leveraging unimodal datasets in which one modality is missing [26]. By defining
a joint latent representation and modality-specific generative decoders, MultiVI
can support integrated embeddings, modality-aware imputation, and downstream
analyses that combine multiome and single-modality datasets in one model. A key
advantage of this design is that missing modalities can be handled naturally during
inference, which is common in real-world data collections.

Other generative approaches focus on paired measurements and learn both shared
and modality-specific latent structure. scMVP is a multi-view deep generative
model designed for joint profiling of scRNA-seq and scATAC-seq, producing common
latent representations for downstream tasks while modeling each modality through
dedicated components [25]. Beyond this, factVAE [46] is a generative multimodal
framework that models transcriptome and chromatin accessibility data using modality-
specific variational autoencoders coupled through a structured and factorized latent
representation. This design enables interpretable joint embeddings while accounting
for modality-specific variation, and connects classical latent factor modeling ideas

with modern VAE-based inference. More recently, multiDGD proposes a scalable
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deep generative framework to learn shared representations of transcriptome and
chromatin accessibility, emphasizing reconstruction quality and integration across
datasets [47].

Motivation for Variational generative models in cross-modal integration

Compared to embedding-only approaches, probabilistic generative models offer three
practical benefits that are directly relevant to cross-modal integration. First, they
can incorporate likelihood models aligned with each modality’s statistical structure,
which is critical under sparsity mismatch and distributional differences. Second, they
enable uncertainty-aware imputation: the model produces a distribution over missing
measurements rather than a single deterministic prediction. Third, they provide a
unified latent representation that can support both integration and prediction tasks
within a single framework.

At the same time, generative models introduce modeling choices that matter for
cross-modal learning: how the latent space is shared or factorized across modalities,
whether translation is modeled explicitly or implicitly through a shared latent
representation, and how sparsity and dimensional imbalance are handled during
training. These design decisions motivate the exploration of structured architectures
tailored to RNA-ATAC integration, which is the focus of the modeling framework

developed in subsequent chapters.

2.5.5 Summary and Positioning

Existing approaches to cross-modal integration can be viewed through the lens of the
outputs they prioritize. Shared embedding models are effective for building shared
representations for clustering and visualization, often with strong scalability and
interpretability [11, 36, 23]. Alignment-based methods extend integration to unpaired
settings by matching geometric or topological structure, with optimal transport
providing a principled tool for manifold matching [41, 42, 43, 44]. Translation-
based methods directly model directional prediction between modalities, supporting
modality completion but raising issues of identifiability and uncertainty [12, 45].
Finally, probabilistic generative models unify integration and imputation with explicit
likelihood-based modeling and uncertainty quantification [32, 26, 25, 47].

This landscape suggests a natural progression toward structured probabilistic
models that can jointly address the goals of integration, translation, and modality
completion under sparsity mismatch and dimensional imbalance. The next chap-

ters build on this motivation by developing and evaluating VAE-based models for
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multi-omic integration, formulated at the level of gene-peak representations and

interpretability.
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Chapter 3

Methodology

This chapter describes the methodological pipeline used to model relationships
between single-cell gene expression and chromatin accessibility using Variational
Autoencoder based architectures. The input data consist of scRNA-seq and scATAC-
seq profiles paired at the cell level from the PBMC 3k and PBMC 10k multiome
datasets of 10x Genomics [18], represented as the matrices X NV4) ¢ RV*¢ and
XWATAC) ¢ RNXP regpectively. Modality-specific preprocessing and paired alignment
across modalities were performed, and the resulting data were used to train three
architectures for joint gene—peak integration: a Gene-Peak—Gene (GPG) model, a
Peak-Gene-Peak (PGP) model, and a dual-VAE model with an additional coupling
term between modalities.

The GPG and PGP models are sequential variational architectures that differ in
the direction of information flow between gene expression and peaks. In contrast,
the dual-VAE model uses two modality-specific VAEs and couples them through
an explicit latent alignment regularizer. Accordingly, training was performed by

minimizing the corresponding objective function for each model.

3.1 Datasets

3.1.1 PBMC 3k and PBMC 10k Multiome

The experiments are conducted on the PBMC 3k and PBMC 10k single-cell multiome
datasets released by 10x Genomics [18]. These datasets provide paired measurements
of scRNA-seq and scATAC-seq obtained from the same individual cells, enabling
direct modeling of cross-modality relationships between transcriptomic profiles and
chromatin accessibility.

Peripheral blood mononuclear cells (PBMCs) represent a heterogeneous popu-
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lation of human immune cells, making them a standard benchmark for assessing
whether learned representations preserve biologically meaningful structure (e.g.,
cell-type separation) while remaining robust to technical noise and sparsity [23].
For each dataset, the paired nature of the measurements implies that each cell is
associated with: (i) a gene expression profile represented as a vector over genes, and
(ii) a chromatin accessibility profile represented as a vector over genomic peaks.

After loading the paired multiome data, scRNA-seq is represented as X (#N4) ¢
RV*G matrix and scATAC-seq as X AT4C) ¢ RN*P matrix, where N denotes the
number of matched cells retained after preprocessing, G the number of genes, and P
the number of chromatin accessibility peaks. The paired alignment is maintained by
matching and ordering cell barcodes consistently across modalities, ensuring that the
i-th row of X(AN4) and the i-th row of XAT4C) correspond to the same biological
cell.

For clarity and reproducibility, the final matrix sizes used for modeling are

summarized in Table 3.1:

Dataset # Cells (N)  # Genes (G)  # Peaks (P)
PBMC 3k 2710 21271 32858
PBMC 10k 10150 25545 43788

Table 3.1: Dimensions of the preprocessed gene and peak matrices used for model
training.

3.1.2 Data Usage

The models are trained in an unsupervised manner using paired multiome mea-
surements, meaning that learning is driven by reconstruction objectives and latent
regularization rather than by external labels. After preprocessing and paired align-
ment, the models were trained and evaluated on the retained paired cells.

A practical difference across architectures is how the two modalities are used
during training. In the sequential architectures (GPG and PGP), only one modality
is fed as the model input, while both modalities are included via reconstruction
loss terms. Specifically, the input modality is gene expression in GPG and peaks
in PGP. In contrast, the dual-VAE architecture receives both modalities as inputs,
reconstructs both modalities, and includes an additional alignment term that couples

the two latent spaces.
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3.2 Preprocessing and Alignment

All preprocessing steps were implemented in Python using Scanpy for AnnData-based
operations and SciPy sparse matrices for efficient storage of large single-cell matrices
[48, 49]. The same preprocessing logic was applied to PBMC 3k and PBMC 10k,
with dataset-specific file paths.

3.2.1 scRNA-seq Preprocessing

Gene-expression profiles were obtained from the 10x Genomics scRNA-seq count
matrix and processed in Scanpy. Gene identifiers were standardized to guarantee
uniqueness across features. A dataset indicator was also included in the metadata to

facilitate batch-aware quality control and exploratory analyses.

QC annotation and metrics

To capture quality-related technical effects, genes were grouped into three commonly
used categories: mitochondrial genes (identified by the MT- prefix), ribosomal genes
(RPS/RPL prefixes), and hemoglobin genes (HB prefix, excluding pseudogenes).
Standard cell-level quality-control metrics were then computed, including the total
number of detected transcripts, the number of detected genes, and the fraction of
counts attributable to each gene category. As shown in Figure 3.1, the initial QC
distributions highlight the baseline contribution of mitochondrial, ribosomal, and
hemoglobin transcripts prior to filtering. These metrics were inspected using violin
plots and by visualizing the relationship between total counts and detected genes,
with points colored by the corresponding QC fractions, to guide threshold selection

and to verify the effect of filtering.

QC-based cell filtering

For the PBMC 3k dataset, cells were filtered based on the QC distributions using the
following thresholds: mitochondrial fraction < 25% and ribosomal fraction < 15%.
No explicit hemoglobin-based threshold was applied. These criteria remove cells with
unusually high mitochondrial or ribosomal signal, which often indicates low-quality
capture, cellular stress, or damaged cells. For PBMC 10k, the same QC procedure
was applied, but thresholds were selected separately according to its dataset-specific

QC distributions. Figure 3.2 shows the mitochondrial and ribosomal QC fractions
after filtering for PBMC 3k.
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Figure 3.1: Initial quality-control (QC) distributions for the PBMC 3k scRNA-
seq dataset before filtering. Violin plots show the fraction of counts attributed to
mitochondrial genes (MT), ribosomal genes (RPS/RPL), and hemoglobin genes (HB),
summarizing baseline technical signals and highlighting outliers prior to applying
QC thresholds.
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Figure 3.2: QC distributions for PBMC 3k after filtering, showing the mitochondrial
(MT) and ribosomal (RPS/RPL) count fractions.

Minimum detection filtering

After QC filtering, additional minimum detection filters were applied: cells with
fewer than 100 detected genes were removed, and genes expressed in fewer than 3
cells were discarded. This reduces extremely sparse features and low-information

cells, stabilizing downstream modeling.

Doublet scoring (diagnostic)

Potential doublets were assessed using Scrublet through the Scanpy workflow, yielding
a per-cell doublet score and a corresponding predicted-doublet label [50]. These
annotations were retained as diagnostic metadata, but no additional filtering based

on predicted doublets was applied at this stage.
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Normalization and log transform

Gene-expression values were normalized per cell to account for differences in library
size by rescaling each cell to a common total count, corresponding to the median of
the original total counts across cells. The normalized values were then transformed

using log(1 + ). The resulting matrix was used as the RNA input to the models.

Exploratory RNA embedding and clustering (evaluation labels)

Highly variable genes (HVGs) were identified by selecting the top 2,000 genes after
accounting for the dataset label to reduce batch-driven variability. Dimensionality
reduction was then performed using principal component analysis with 50 components.
A cell—cell neighborhood graph was constructed using 15 nearest neighbors based
on the first 50 principal components, followed by UMAP visualization and Leiden
clustering [51, 52]. Figure 3.3 illustrates the HVG selection for PBMC 3k based
on the mean—dispersion relationship, and Figure 3.4 shows the resulting UMAP
embedding, providing a qualitative view of cellular structure and cluster separation
prior to model training. These steps were used for exploratory visualization and
to generate RNA-derived cluster labels that were saved for downstream evaluation;

they were not used to train the proposed VAE models.
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Figure 3.3: Highly variable gene (HVG) selection for PBMC 3k. The plots show
gene mean expression versus dispersion before and after dispersion normalization,

with selected HVGs highlighted.

Export to a Cell x Gene matrix

Finally, the processed RNA matrix was exported to a cell X gene matrix using cell

barcodes as row indices and gene identifiers as columns. This matrix corresponds to
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Figure 3.4: Initial UMAP embedding of the PBMC 3k scRNA-seq data obtained
from the exploratory RNA pipeline.

X(BNA) ¢ RNXG after RNA-side preprocessing.

3.2.2 scATAC-seq Preprocessing

For scATAC-seq, the preprocessing pipeline constructs a cell x peak matrix by
mapping sequenced ATAC fragments to a set of genomic peak intervals. For PBMC
3k, peaks were identified directly from the fragment data by defining candidate
accessible regions and using them as the peak set for matrix construction. For PBMC
10k, an annotated peak set was already available with the dataset and was used as
the reference peak definition. In both cases, fragments were assigned to overlapping

peaks and aggregated to obtain the sparse cell X peak accessibility matrix.

Fragment and peak filtering

Fragments and peak intervals were first restricted to standard chromosomes to remove
non-canonical genomic regions. Specifically, only autosomes (chromosomes 1-22) and
sex chromosomes (X and Y) were retained, while non-standard contigs and unrelated
genomic entries were discarded. This ensures that the resulting cell x peak matrix

is constructed from standard, interpretable genomic coordinates.

Peak activity filtering

Figure 3.5 shows the distribution of peak activity in PBMC 3k. Peak activity was

quantified as the number of cells in which each peak was observed and, equivalently,
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the fraction of cells with nonzero accessibility at that peak. These activity statistics
were inspected to guide the choice of an inclusion threshold. In the final preprocessing,
peaks were retained only if they were observed in at least 3% of cells, yielding a
reduced peak set used for downstream modeling. This filtering step also reduced
matrix sparsity from approximately 93% to 86% for the PBMC 3k dataset.

Peak Counts Distribution
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10000 -

0 . . . .
0 577 1154 1732 2309 2887

Figure 3.5: Peak activity distribution for PBMC 3k. The x-axis shows the number
of cells in which a peak is observed (nonzero accessibility), and the y-axis shows the
number of peaks with that activity level.

Log transform

After peak filtering, the ATAC peak count matrix was transformed using a log(1 +
x) mapping to stabilize the scale prior to model training. The resulting matrix

corresponds to X AT4C) ¢ RNXP after ATAC-side preprocessing.

3.2.3 Paired Cell Alignment and Final Matrices

After preprocessing, RNA and ATAC profiles were aligned across modalities using
shared cell barcodes. Only cells present in both modalities were retained, and both
matrices were reordered to ensure that corresponding rows refer to the same biological
cell. The resulting aligned matrices were stored in an efficient sparse format for model
training, and the RNA-derived Leiden cluster labels were retained for downstream

evaluation of latent-space structure preservation.
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3.3 GPG Model

3.3.1 Architecture

The Gene—Peak-Gene (GPG) model is a sequential cross-modal variational archi-
tecture designed to model relationships between gene expression and chromatin
accessibility. The model first predicts chromatin accessibility from gene expression
and then reconstructs gene expression from the predicted accessibility. For each cell,
the input is a preprocessed gene vector z(#V4) € R and the model produces a peak
prediction £ATAC) ¢ RP together with a reconstructed gene vector #(#NV4) ¢ RS,

Figure 3.6 summarizes the two-stage sequential structure of the GPG model.

Gene — Peak Peak — Gene

\ 4
\ 4

x(RNA) K(ATAC) %(RNA)

Figure 3.6: Architecture of the GPG model. Given a gene-expression vector z("NVA4),
Encoder 1 outputs the parameters of a diagonal Gaussian posterior, (u1,logo?),
from which the latent variable is sampled as z; ~ gy, (21 | *N4) using the repa-
rameterization trick. Decoder 1 maps z; to the predicted chromatin accessibility
profile #(AT4C) The second stage takes the predicted accessibility 2474 as input.
Encoder 2 outputs (ug,log 02) and samples zo ~ qg, (22 | 2AT49), after which De-
coder 2 reconstructs gene expression as &FEN4)

Gene to Peak Mapping

The first variational autoencoder maps the gene expression vector into a latent

variable z; € R%. The approximate posterior is modeled as a diagonal Gaussian:
Go, (21 | 2 FND) = N (21; pa (2PN D), diag (o (VD)) (3.1)
The encoder produces the parameters of this distribution:

pr = Wy hi + by, (3.2)

log O-% = I/Vlogcrfhl + bloga% (33)

35



Where hy = fene1 (:c(RN A)) denotes the hidden representation produced by En-
coder 1. A latent sample is obtained using the reparameterization trick described in
Section 2.4:

21 =1 + 01 Ok, e ~N(0,1) (3.4)

The first decoder produces an output vector in R”; this output is taken as the
model’s ATAC prediction and is denoted by £(474) | so that £ATAC) = fi..1(2).
Peak to Gene Mapping

The second variational stage receives the predicted peak vector #(474¢) rather than
the true ATAC measurement. Consequently, the posterior distribution for the second

latent variable is defined as
Qoo (22 | #TAD) = N (223 p2 (2474 diag(o3 (@(ATAC)))) (3.5)

The encoder computes

M2 = Wu2h2 + blm (36)

log Jg = I/Vlog o2 he + bloga% (37)

Where hy = foneo (i(ATAC)> denotes the hidden representation produced by

Encoder 2, and a latent sample is again obtained through
29 = iy + 09 @ €, e ~N(0,1) (3.8)

Finally, the second decoder maps the latent sample z5 back to the gene space, and
its output is taken as the reconstructed gene expression vector, 2(FNVA) = f4 o (2,).

This sequential structure implies the transformation

ATAC (RNA)

g BNA) s o 5 ATAO) ) 5 2

meaning that the second stage operates entirely on the accessibility representa-
tion generated by the first stage. This design encourages the intermediate peak
representation to capture information that remains predictive of gene expression.

Network Parametrization

All encoders and decoders are implemented as multilayer perceptrons (MLPs). Hid-

den layer widths are specified by a user-defined list, and decoder widths mirror
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encoder widths. The activation function is configurable and can be chosen among
common options such as ReLU, LeakyReLU, ELU, GELU, or Tanh. The final
decoder layers produce real-valued outputs without probabilistic parameterization,

and reconstruction is therefore treated as a regression task.

3.3.2 Loss Function

The GPG model is trained by minimizing an objective derived from the negative Ev-
idence Lower Bound (ELBO) that combines reconstruction losses for both modalities

with KL regularization terms for both latent variables.

Reconstruction terms

Let ¢(-,-) denote a regression loss function. In the implementation, the same recon-
struction loss is applied to both modalities through a configurable reconstruction-loss
function. The reconstruction losses are therefore

LRNA _ é(j(RNA)’ l,(RNA))

ATAC __ ~(ATAC)
recon ;C = é ($

? recon

’x(ATAC)) (39)

MSE loss function is used for reconstruction in this work, but the reconstruction
loss can be replaced with other regression losses, such as L1 or Huber, without

changing the model architecture.

KL regularization

Both latent variables are regularized toward a standard normal prior p(z) = N (0, I).
For diagonal Gaussian posteriors, the KL divergence has a closed form. In practice,
the KL expression is computed and averaged over the minibatch during training:
1& ., 2 2
Lxvn=753 (i, +or;—logor, —1),  ke{l,2} (3.10)

j=1
Total loss

The overall objective minimized during training is

EGPG - ERNA + »CATAC + B (/;KL,l + EKL,2) (3.11)

recon recon

where § > 0 controls the strength of latent regularization. This objective
corresponds to minimizing a negative-ELBO-style loss; reconstruction penalties

encourage accurate prediction of both modalities, while the KL terms regularize
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the latent representations toward the prior and prevent overly complex posterior

distributions.

3.4 PGP Model

3.4.1 Architecture

The Peak—Gene—Peak (PGP) model uses the same sequential variational design as

GPG but reverses the translation direction. The input is a preprocessed peak vector

RNA

z(ATAC) ¢ RP which is translated into a gene prediction ) and then used to

reconstruct peaks #(A7A4C)

. Figure 3.7 illustrates the sequential structure of the PGP
model, in which accessibility profiles are first translated to gene expression and the
resulting predicted gene vector is then used to reconstruct chromatin accessibility

through a second variational stage.

— Peak — Gene Gene — Peak

> >

=1
Decoder 1 —)

x(ATAC) &(RN4) &(ATAC)

Decoder 2 —>

L

Figure 3.7: Architecture of the Peak—-Gene-Peak (PGP) model. The model follows
the same sequential variational design as GPG but starts from chromatin accessibility.
Given an input peak vector z(474¢) Encoder 1 produces the parameters of a diagonal
Gaussian posterior (y;,logo?) and a latent sample 2; ~ gy, (21 | ATAD), which
Decoder 1 maps to the predicted gene expression vector £(FN4) (Peak — Gene). The
second stage takes 2(#N4) as input: Encoder 2 produces (g,logo?) and samples

Zy ~ Qgy (29 | #ENA)) and Decoder 2 reconstructs the peak profile as 2474 (Gene
— Peak).

Peak to Gene Mapping

The first variational autoencoder maps the chromatin accessibility vector into a latent

variable z; € R%. The approximate posterior is modeled as a diagonal Gaussian:
Go, (21 | 21TAC) = N (215 pa (214749)), diag (o7 (24749)) ) (3.12)

The encoder produces the parameters of this distribution:
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M1 = VVM1 hl + bul (313)

lOg O-% = ‘/Vlogofhl + bloga% (314)

Where hy = fena (x(ATAC)> denotes the hidden representation produced by
Encoder 1. A latent sample is obtained using the reparameterization trick described

in Section 2.4:
21 =1+ 01 OF, e ~N(0,1) (3.15)

The first decoder produces an output vector in R%; this output is taken as the
model’s RNA prediction and is denoted by £(*¥4) | so that £2(FN4) = fy.1(21).
Gene to Peak Mapping

The second variational stage receives the predicted gene vector 8N4 rather than
the true gene expression measurement. Consequently, the posterior distribution for

the second latent variable is defined as
Gos (22 | #ND) = N (2; (2N D), diag (o3 (27N ) (3.16)

The encoder computes

o = Wiha + by, (3.17)

log O-g = ‘/VlogoghQ + blogcr% (318)

Where hy = feneo (ﬁ:(RN A)) denotes the hidden representation produced by En-

coder 2, and a latent sample is again obtained through
ZQZIMQ—FO'Q@E, ENN(O,I) (319)

Finally, the second decoder maps the latent sample 2o back to the peak space,
(AT AC)

and its output is taken as the reconstructed chromatin accessibility vector, &

faec2(22). This sequential structure implies the transformation

ATAC) ATAC)

zt — 21 = 2BV o s 4

meaning that the second stage operates entirely on the gene expression generated

by the first stage. This design encourages the intermediate gene representation to
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capture information that remains predictive of chromatin accessibility.

Network Parametrization

As in the GPG model, the PGP architecture uses multilayer perceptrons (MLPs) for
all encoders and decoders with mirrored encoder—-decoder widths. The activation
function is configurable, and the decoders output real-valued vectors, so reconstruction

is treated as a regression task.

3.4.2 Loss Function

The PGP objective follows the same negative-ELBO principle described in Chapter 2
(Section 2.4). Reconstruction is implemented using a configurable regression loss

function £(-, ), and both latent variables are regularized with KL penalties.

Reconstruction terms

LRNA _ g(i(RNA)’ x(RNA))

recon

[ATAC _ (@(ATAC)

Y recon

: x(ATAC>) (3.20)

where ¢ can be chosen as MSE, L1, Huber, or other regression loss functions depending

on the desired error profile.

KL regularization and Total Loss

The KL terms Lky,; and Lxp, 2 are defined as in the GPG case. The total objective

minimized for PGP is:

Lpgp = LENA 4 £ATAC L 3 (L1 + Lxro) (3.21)

3.5 Dual VAE with Shared Regularization Model

3.5.1 Architecture

The dual-VAE model learns two modality-specific VAEs, one for gene expression
and one for chromatin accessibility, and couples them through an explicit latent
alignment mechanism. Given paired measurements from the same cell, the model

RENA) ¢ RE and a preprocessed peak vector

receives a preprocessed gene vector !
#ATAC) ¢ RP and produces modality-specific reconstructions for each branch. In
the present implementation, the RNA branch reconstructs gene expression from the

RNA latent variable, and the ATAC branch reconstructs chromatin accessibility from
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the ATAC latent variable, while cross-modal consistency is encouraged indirectly
through latent alignment. Figure 3.8 illustrates the dual-VAE architecture and the

latent alignment term L,j;gn coupling the gene expression and chromatin accessibility

branches.
Gene Expression N
Encoder > Z » Decoder
X (RNA) : R RNA) TG anaie :
------------------------------------------------------------------------ »:  Latent Alignment
______________________________________________________________________ > Loss
Encoder » z » Decoder
Chromatin Accessibility
x (ATAC) f(aTAC)

Figure 3.8: Dual-VAE architecture with shared latent regularization. The RNA
branch encodes 2F¥4) into g4, (2 | 2FNY) and reconstructs 2FNA) = £, (z),
while the ATAC branch encodes 2474 into g4, (24 | 24T49)) and reconstructs
#(ATAC) — f, .(z4). An alignment term L}y, couples the two latent representations,
enforcing consistency between the latent spaces for paired measurements.

Each modality is modeled with a standard VAE formulation (Section 2.4). The

RNA branch defines an approximate posterior
Qo (2 | ) = N (25 (2N, diag (o (2 V) (3.22)

and a decoder
F BN = f, (2R) (3.23)

Similarly, the ATAC branch defines

Gon(2a | #TAD) = N (205 pa(@1T49), diag(o? (z471)))) (3.24)
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with decoder
i‘(ATAC) = ng (ZA) (325)

Latent samples are obtained using the standard reparameterization trick described

in Section 2.4.

Network Parametrization

Like the previous models, the dual-VAE architecture uses multilayer perceptrons
(MLPs) for encoders and decoders with mirrored widths within each modality. The
activation function is configurable for both modality-specific VAEs, and both decoders

output real-valued vectors, so reconstruction is treated as a regression task.

3.5.2 Loss Function

Training follows the variational principle introduced in Section 2.4 by minimizing a
negative-ELBO-style objective for each modality, augmented with a shared regular-
ization term that encourages agreement between the RNA-derived and ATAC-derived
latent representations for the same cell. In the present implementation, this formula-
tion was retained as it provides stable modality-specific reconstruction objectives
while still encouraging shared structure between RNA and ATAC through latent

alignment.

Modality-specific reconstruction and KL terms

Let lrya(:,-) and €arac(-,-) denote reconstruction losses for RNA and ATAC,

respectively. The modality reconstruction losses are

LRNA _ g (@(RNA>7 x(RNA)) (3.26)
LATAC = 47,40 (314749, 2474) (321

Each branch is regularized toward a standard normal prior p(z) = N (0,1) via

KL divergence:

LR = KL(ggp(2r | 2BV [N (0, 1)) (3.28)

L€ = KL(gg, (24 | 24T49) | N (0, 1)) (3.29)
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Cross-modal latent alignment

The model introduces an alignment loss L,jign that compares the two latent spaces
and encourages them to become similar. This coupling promotes consistent latent
representations across RNA and ATAC for paired measurements. In the present im-
plementation, the two branches remain modality-specific, and cross-modal consistency
is encouraged indirectly through latent alignment rather than direct reconstruction
of one modality from the latent representation of the other. Depending on the
alignment type described below, the comparison may operate only on the posterior

means g or on the full posterior parameters (ju,logo?).

1. L2 alignment (mean matching): For alignment type L2, the alignment penalty
is the mean-squared distance between posterior means:
(RNA))

(3.30)

- pa(ami)|

‘Cahgn = HILLR<$ 9

2. Symmetric KL alignment (posterior matching). For alignment type KL, the
model uses a symmetric KL divergence between the two diagonal-Gaussian
posteriors:

1
£t = 5 (KL (qon(z |59 [ gy, (= | 24740

align

(3.31)
KL (g, (2| 29749) | 4oy 2 | oV 9)) )

For two diagonal Gaussians ¢, = N (1, diag(o?)) and g = N (e, diag(o3)),

the directional KL used in the implementation is

d 2 2
+ L .
Z [log %, 71yt EA 2)” _ 1] (3.32)

1,J 02,5

[\:)M—t

L(qillq2) =

3. Fusion alignment (learned shared latent). For alignment type Fusion, a small
fusion network g, maps the concatenated posterior means to a shared repre-

sentation:

Zshared — g¢([NR7 MA]) (333)

and alignment is enforced by pulling zgyareq toward both modality means:

Eglllisgiﬁn = ”'Zshared - MRHg + sthared - NAH; (334)
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Total Loss
Combining modality-specific negative-ELBO components with the alignment penalty
yields the overall loss:

Lo = LENA + LATAC + 8 (LI + LE49) + A Latign (3.35)

recon recon

where [ controls the KL regularization strength and A controls the contribution of

cross-modal alignment.

3.6 Training Procedure

This section describes the training procedure shared across the proposed architectures.
In all cases, model parameters are learned by minimizing the corresponding loss
functions defined in the model sections. Hyperparameters are specified through

configuration files to keep model definitions independent from the training logic.

3.6.1 Regularization and Scheduling

To control the trade-off between reconstruction fidelity and latent regularization, a
B-weighted KL term is used in all variational objectives. Rather than keeping 3 fixed
throughout training, a warm-up schedule is applied in which § increases linearly

from [Bunin t0 Bmax over the first T" warm-up epochs:

Brmin + (Bmax — Bmin)i, e<T
Ble) = T (3.36)
Bmaxa € Z T

where e denotes the epoch index. This schedule stabilizes early optimization by
allowing the model to prioritize reconstruction at the beginning of training, and
gradually enforcing stronger latent regularization as training progresses.

For the dual-VAE model, the contribution of the latent alignment term is con-
trolled by a weight A (Eq. 3.35), which balances cross-modal coupling against

modality-specific reconstruction and KL regularization.

3.6.2 Optimization Setup

The models were trained using the Adam optimizer on the preprocessed and aligned
RNA and ATAC matrices [53]. In the current implementation, for the GPG model,

optimization was performed in mini-batch mode with batch size 512, whereas the
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other models were trained in full-batch mode. Training hyperparameters, including
the learning rate, number of epochs, latent dimensionality, and hidden-layer widths,
were specified through the experimental configuration. For the Dual-VAE model, the
alignment term was implemented using 1.2 matching between modality-specific latent
representations, with alignment weight A = 1.0. The values used in the experiments
are summarized in Table 3.2. Within each architecture, the same configuration was
used for both PBMC 3k and PBMC 10k.

Hyperparameter GPG PGP Dual-VAE
Epochs 30 30 100
Learning rate 0.0001 0.0002 0.0001
Latent dimension 256 256 256

Hidden dimensions [1024] [1024] [2048]
Activation function Tanh Tanh Tanh

Gene reconstruction loss MSE MSE MSE

Peak reconstruction loss MSE MSE Weighted MSE
Bmin 0.0 0.0 0.0

Bmax 0.1 0.1 0.1

KL warm-up epochs 20 20 20

Table 3.2: Main training hyperparameters used for the three proposed architectures.
For the Dual-VAE model, the same hidden-layer width and activation function were
used in both modality-specific branches. The same configuration for each architecture
was used on both PBMC 3k and PBMC 10k.

The selected hyperparameters were used consistently for the experiments reported

in the next chapter.
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Chapter 4

Experiments and Results

4.1 Experimental Setup

This chapter evaluates the three proposed architectures introduced in Chapter 3: the
Gene-Peak-Gene (GPG) model, the Peak-Gene-Peak (PGP) model, and the dual-
VAE model with shared regularization. The experiments are designed to assess how
effectively these models preserve biologically meaningful latent structure, reconstruct
modality outputs, and capture relationships between gene expression and chromatin
accessibility.

The evaluation is conducted on the PBMC 3k and PBMC 10k paired multiome
datasets described in Section 3.1. For both datasets, the same preprocessing and
paired-alignment procedure was applied prior to training and testing. Since the
datasets provide matched scRNA-seq and scATAC-seq profiles for the same cells,
they are suitable for evaluating both latent representation quality and cross-modal
prediction behavior.

The experiments are organized according to three main evaluation families. First,
latent space evaluation assesses whether the learned latent representations preserve
cellular structure derived from gene-expression data. This is examined through
low-dimensional visualization, classification-based testing, and agreement metrics.
Second, peak-space output evaluation measures how accurately peak outputs
recover binary peak accessibility patterns. Third, gene reconstruction evaluation
assesses how well gene-expression profiles are recovered at the model output. For the
sequential architectures, these evaluations reflect cross-modal processing, whereas for
the dual-VAE they correspond to modality-specific reconstructions obtained under
shared latent regularization.

For latent-space evaluation, each model is tested on its available latent represen-

tations. In the sequential architectures, this includes the latent spaces from the first
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and second variational stages. In the dual-VAE architecture, the modality-specific
latent spaces learned from gene expression and chromatin accessibility are evaluated
separately. This allows comparison not only across models, but also across the
different latent representations produced within each architecture.

To support qualitative inspection of latent organization, latent vectors are pro-
jected to two dimensions using Uniform Manifold Approximation and Projection
(UMAP). These visualizations provide an intuitive view of whether cells belonging
to the same gene expression derived groups remain separated after encoding. To
complement this qualitative analysis, quantitative tests are also performed on the
latent embeddings. In particular, logistic-regression classification is used to evaluate
how predictive each latent space is of the reference cell labels, and agreement metrics
are computed to assess consistency between latent-space label predictions and the
target labeling.

Output quality is evaluated in two ways. For chromatin accessibility, the predicted
peak outputs are converted to binary accessibility states using a best-fitting decision
threshold, and the resulting predictions are compared with the observed peak matrix
through precision, recall, and Fl-score. For gene-expression reconstruction, the
reconstructed gene vectors are compared with the original gene-expression inputs
using Pearson correlation computed at the cell level and then summarized across the
dataset. For the sequential models, these output-space evaluations reflect cross-modal
translation quality, whereas for the dual-VAE they quantify reconstruction quality
within each modality under aligned latent training.

Throughout this chapter, experiments on PBMC 3k were conducted on the full set
of retained paired cells after preprocessing, whereas for PBMC 10k both training and
testing were conducted on a stratified 30% subset sampled from each RNA-derived
cluster. In addition to reporting numerical performance, this chapter also analyzes
the strengths and weaknesses of each architecture under the different testing criteria

introduced above.

4.2 Latent Space Evaluation

An important objective of the proposed architectures is to learn latent representations
that preserve biologically meaningful cellular structure while modeling relationships
between gene expression and chromatin accessibility. To assess this, the learned
latent spaces are evaluated using both qualitative and quantitative analyses.
Qualitative assessment is performed through UMAP visualization, while quan-

titative evaluation is based on classification performance and agreement metrics.
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Together, these analyses allow comparison across architectures, as well as across the

different latent representations produced within each model.

4.2.1 UMAP Visualization

To qualitatively assess the structure of the learned latent representations, UMAP
was applied to the latent vectors produced by each model [51]. These visualizations
are used to examine whether cells belonging to the same RNA-derived groups remain
close to one another after encoding, and whether distinct cellular populations form
separable regions in the learned representation.

For each evaluated latent space, a two-dimensional UMAP embedding was com-
puted from the corresponding latent vectors. The projections were visualized by
coloring cells according to the reference labels derived from the exploratory RNA-
based clustering pipeline described in Section 3.2.1. This allows the latent organiza-
tion learned by the models to be compared against an external grouping obtained
independently from the training objectives.

UMAP visualization is intended as a qualitative tool rather than a formal quantita-
tive measure. It provides an intuitive view of latent-space geometry and complements
the quantitative evaluations reported in the following subsections.

Figures 4.1-4.6 present the UMAP projections of all evaluated latent spaces. In
each case, the PBMC 3k and PBMC 10k visualizations are shown side by side to

facilitate direct comparison across datasets.
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Figure 4.1: UMAP visualization of the first latent representation (z;) learned by the
GPG model.

48



UMAP z2

15 1

(a) PBMC 3k

124

10 1

UMAP z2

(b) PBMC 10k

Figure 4.2: UMAP visualization of the second latent representation (z5) learned by

the GPG model.
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Figure 4.3: UMAP visualization of the first latent representation (z1) learned by the

PGP model.
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Figure 4.4: UMAP visualization of the second latent representation (z5) learned by
the PGP model.
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Figure 4.5: UMAP visualization of the RNA latent representation learned by the
dual-VAE model.
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Figure 4.6: UMAP visualization of the ATAC latent representation learned by the
dual-VAE model.

As illustrated above, the qualitative organization of the latent spaces varies across

architectures and across latent representations within the same model.

4.2.2 C(Classification-Based Evaluation

To quantitatively assess the structure of the learned latent spaces, a classification-
based evaluation was performed using the latent representations as input features
and the RNA-derived reference labels described in Subsection 3.2.1 as targets. This
evaluation is not a direct cell-type prediction benchmark, since the target labels are
RNA-derived reference labels rather than external biological annotations. The goal of
this experiment is to measure whether the embeddings retain sufficient discriminative
information to separate cells according to the organization inferred from the RNA
modality.

For each latent space, a logistic-regression classifier was fitted directly on the latent
vectors. The predicted labels were then compared with the corresponding reference
labels, and performance was summarized through precision, recall, and weighted
F1-score. Since logistic regression is a simple linear classifier, strong performance
indicates that the latent representation organizes cells in a linearly separable manner
with respect to the RNA-defined partition.

Under this interpretation, higher classification scores indicate that the latent
embedding preserves label-relevant information from the RNA modality and supports
clearer separation among reference groups. Lower scores, in contrast, suggest that the

representation is less discriminative or less aligned with the RN A-derived organization.
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The results of this evaluation are reported in Tables 4.1, 4.2, and 4.3 for the
latent spaces produced by the three model families on PBMC 3k and PBMC 10k.

Dataset Model / Latent Precision Recall Weighted F1l-score
PBMC 3k GPG (1) 0.80 0.79 0.79
PBMC 3k PGP (z1) 0.56 0.53 0.47
PBMC 10k  GPG (z1) 0.76 0.75 0.75
PBMC 10k PGP (z1) 0.50 0.52 0.47

Table 4.1: Classification-based evaluation results for the first latent representation
(z1) of the sequential models.

Dataset Model / Latent Precision Recall Weighted F1l-score
PBMC 3k GPG (22) 0.45 0.49 0.40
PBMC 3k PGP (z2) 0.32 0.33 0.27
PBMC 10k  GPG (z2) 0.42 0.48 0.43
PBMC 10k PGP (z2) 0.29 0.31 0.25

Table 4.2: Classification-based evaluation results for the second latent representation
(z2) of the sequential models.

Dataset Model / Latent Precision Recall Weighted F1-score
PBMC 3k Dual-VAE (Gene) 0.75 0.74 0.73
PBMC 3k Dual-VAE (Peak) 0.72 0.71 0.69
PBMC 10k  Dual-VAE (Gene) 0.72 0.70 0.70
PBMC 10k  Dual-VAE (Peak) 0.64 0.63 0.62

Table 4.3: Classification-based evaluation results for the modality-specific latent

representations learned by the dual-VAE model.

As shown in Tables 4.1-4.3, the classification-based evaluation enables direct

comparison of the discriminative quality of the learned latent representations across

architectures, latent spaces, and datasets.
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4.2.3 Agreement Metrics

To complement the classification-based evaluation, agreement metrics were computed
to quantify how closely the label assignments predicted from the latent representations
match the RNA-derived reference labels. In the present implementation, these metrics
compare the labels predicted by the logistic-regression classifier with the reference
partition obtained from the exploratory RNA-based clustering pipeline.

Two agreement measures were considered: the Adjusted Rand Index (ARI)
and the Adjusted Mutual Information (AMI) [54, 55]. ARI quantifies the similarity
between two label assignments based on the consistency of pairwise cell co-assignment.
AMI quantifies the shared information between the two labelings.

Since the reference labels are derived from RNA-based exploratory clustering
rather than external biological annotations, ARI and AMI should be interpreted
as measures of consistency with the RNA-defined cellular organization. Under
this interpretation, higher agreement scores indicate that the latent representation
preserves the organizational structure captured by the RNA modality, whereas lower
scores suggest weaker alignment with the reference partition.

The ARI and AMI results for the evaluated latent spaces are reported in Tables 4.4,
4.5, and 4.6.

Dataset Model / Latent ARI AMI

PBMC 3k GPG (z) 0.62  0.71
PBMC 3k PGP (z) 0.37  0.48
)

)

PBMC 10k  GPG (z; 0.55 0.64
PBMC 10k PGP (z; 0.34 0.43

Table 4.4: Agreement results for the first latent representation (z1) of the sequential
models, measured using ARI and AMI.

Dataset Model / Latent ARI AMI

PBMC 3k GPG (z3) 040  0.52
PBMC 3k PGP (z) 0.08  0.08
PBMC 10k GPG (z3) 0.35  0.46
PBMC 10k PGP (z3) 0.05  0.05

Table 4.5: Agreement results for the second latent representation (z3) of the sequential
models, measured using ARI and AMI.
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Dataset Model / Latent ARI AMI

PBMC 3k Dual-VAE (RNA latent) 0.56 0.67
PBMC 3k Dual-VAE (ATAC latent)  0.52 0.62
PBMC 10k  Dual-VAE (RNA latent) 0.49 0.58
PBMC 10k Dual-VAE (ATAC latent)  0.40 0.48

Table 4.6: Agreement results for the modality-specific latent representations learned
by the dual-VAE model, measured using ARI and AMI.

As shown in Tables 4.4-4.6, agreement metrics provide an additional quantitative
perspective on the extent to which the latent representations retain the RNA-defined

reference structure across architectures, latent spaces, and datasets.

4.3 Chromatin Accessibility Prediction Evaluation

A key objective of the proposed architectures is to capture cross-modal relationships
between gene expression and chromatin accessibility. For the sequential models,
this includes the prediction of chromatin-accessibility profiles from gene-expression
input. To evaluate this capability, the predicted peak outputs were assessed as a
binary accessibility prediction task. For the GPG and PGP architectures, peak-
space outputs are generated through sequential cross-modal translation. For the
dual-VAE model, in contrast, the reported peak outputs are produced by the ATAC
branch decoder from the ATAC latent representation and are therefore evaluated as
modality-specific peak reconstruction under shared latent alignment.

Although the model produces continuous-valued outputs in the peak space,
observed chromatin accessibility can be interpreted in binary form by distinguishing
between accessible and non-accessible peaks. Accordingly, the ground-truth peak
matrix was converted to a binary representation by assigning value 1 to peaks with
nonzero observed accessibility and 0 otherwise.

To obtain binary accessibility predictions from the continuous model outputs, a
threshold sweep was performed for each model and dataset. In particular, predicted
peak values were thresholded at candidate values ranging from 0 to 3 in increments
of 0.3, and binary precision, recall, and F1-score were computed at each threshold.
The threshold yielding the highest F1-score was then selected as the best decision
threshold for that experimental setting.

This evaluation measures how accurately the predicted accessibility states recover

the observed binary peak patterns. Precision quantifies the fraction of predicted
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accessible peaks that are truly accessible, Recall measures the fraction of truly
accessible peaks that are successfully recovered, and the F1-score summarizes the
balance between these two quantities.

This binary evaluation is particularly relevant for scATAC-seq data, since chromatin-
accessibility matrices are highly sparse and are often interpreted in terms of the
presence or absence of accessibility at the single-cell level. Therefore, beyond mea-
suring predictive performance, this analysis provides insight into how effectively the
models recover the sparse accessibility structure of the target modality.

Table 4.7 summarizes the peak-prediction results obtained across the evaluated

models and datasets, including the best threshold selected for each experimental

setting.
Dataset Model Precision Recall Fl-score Threshold
PBMC 3k GPG 0.48 0.27 0.34 0.3
PBMC 3k PGP 0.16 0.79 0.26 0
PBMC 3k Dual-VAE 0.24 0.48 0.32 0.6
PBMC 10k GPG 0.46 0.70 0.56 0.3
PBMC 10k PGP 0.35 0.64 0.45 0.3
PBMC 10k Dual-VAE 0.35 0.63 0.45 0.9

Table 4.7: Binary peak-prediction performance across models and datasets, measured
using precision, recall, and F1-score after thresholding predicted peak outputs.

As shown in Table 4.7, binary accessibility evaluation provides a direct quantitative

measure of peak-space output quality across architectures and datasets.

4.4 Gene Reconstruction Evaluation

In addition to evaluating latent representations and cross-modal peak prediction, it
is also important to assess how well the models preserve gene-expression information
after passing through the cross-modal processing pipeline. Gene-expression infor-
mation is evaluated at the output of each architecture by comparing reconstructed
gene profiles with the corresponding reference gene-expression data. Evaluating the
quality of this reconstruction provides insight into how effectively the models retain
transcriptional information while performing cross-modal processing.

For the sequential architectures, gene reconstruction is obtained after passing

through the cross-modal pipeline. For the dual-VAE model, the reported gene
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reconstruction is produced directly by the RNA branch decoder from the RNA latent
representation and is therefore interpreted as modality-specific reconstruction under
the shared-regularization framework.

To quantify reconstruction quality, the reconstructed gene-expression vectors were
compared with the corresponding reference profiles in the same library-size-normalized
and loglp-transformed space used by the models. Reconstruction performance was
quantified by computing Pearson correlation between the reference and reconstructed
gene vectors for each cell.

More formally, for each cell i, the Pearson correlation coefficient was computed
(RNA

between the original gene-expression vector x; ) and the reconstructed vector

aA:Z(-RNA). The resulting correlations were then aggregated across all cells to obtain a
summary statistic representing the overall reconstruction quality of the model.

This evaluation focuses on the preservation of gene-expression patterns rather
than absolute reconstruction error. A higher Pearson correlation indicates that
the reconstructed gene profiles maintain the relative expression patterns present
in the original data, suggesting that the model retains meaningful transcriptional
information during cross-modal processing.

Table 4.8 summarizes the gene-reconstruction results obtained for the evaluated

models across the PBMC 3k and PBMC 10k datasets.

Dataset Model Mean Pearson Correlation
PBMC 3k GPG 0.61
PBMC 3k PGP 0.27
PBMC 3k Dual-VAE 0.54
PBMC 10k GPG 0.64
PBMC 10k PGP 0.19
PBMC 10k  Dual-VAE 0.58

Table 4.8: Gene reconstruction performance measured using the mean Pearson
correlation between original and reconstructed gene-expression profiles across cells.

As shown in Table 4.8, Pearson correlation provides a straightforward quanti-

tative measure of how well the reconstructed gene-expression profiles preserve the

transcriptional structure of the original data across architectures and datasets.
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4.5 Summary of Experimental Findings

The experimental results show clear differences among the three proposed archi-
tectures in terms of latent-structure preservation, peak-space prediction, and gene-
expression reconstruction. Across the performed evaluations, the GPG model emerged
as the strongest overall architecture, while the dual-VAE model provided compara-
tively stable modality-specific latent representations and competitive reconstruction
performance under shared latent alignment. In contrast, the PGP model consis-
tently produced weaker results, indicating that the reverse translation direction is
substantially more difficult under the sparsity and dimensional imbalance of the
data.

The latent space evaluation shows that the most informative representations are
generally obtained either in z; of GPG or in zgnya of Dual-VAE. In particular, z; of
GPG achieved the strongest classification and agreement scores among the sequential
architectures on both PBMC 3k and PBMC 10k, indicating that it preserves the
RNA-derived cellular organization most effectively. The zrna representation of
Dual-VAE also performed strongly, with results close to those of z; of GPG, while
zatac remained moderately informative. By contrast, the latent spaces of PGP,
especially 29, were substantially less discriminative.

The UMAP visualizations are consistent with these quantitative findings. The
embeddings of z; of GPG show comparatively well organized manifolds with visible
separation between major cellular groups in both datasets, while zgna of Dual-
VAE also retains a coherent global structure. In contrast, the second latent spaces
of the sequential models exhibit stronger mixing between groups, suggesting that
information becomes progressively degraded after the intermediate cross-modal
transformation. This effect is especially pronounced for z; of PGP, whose UMAP
projections appear considerably more diffuse and less structured. Overall, the
qualitative analysis supports the conclusion that z; of GPG is the most biologically
informative latent space produced by the sequential architectures.

The chromatin accessibility evaluation shows clear differences across both archi-
tectures and datasets. Focusing first on the sequential models, GPG consistently
outperformed PGP on both PBMC 3k and PBMC 10k in terms of F1-score. This is
particularly notable because PGP starts from the peak modality itself, whereas GPG
predicts chromatin accessibility from gene-expression input through the sequential
translation pipeline. Despite this apparent advantage for PGP, its results remained
below those of GPG, suggesting that the gene-peak-gene direction is more effective
than the reverse peak-gene-peak formulation in the present setting. Differences
also appear across datasets within GPG itself. While GPG already achieved the
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strongest sequential result on PBMC 3k, its performance improved substantially
on PBMC 10k, where it reached an F1-score of 0.56, the highest peak-space result
obtained in the entire evaluation. The dual-VAE model also showed competitive
peak prediction performance, performing worse than GPG but better than or equal
to PGP across the evaluated datasets. However, its output should be interpreted
differently. Unlike GPG and PGP, the dual-VAE peak prediction is not produced
through an explicit cross-modal translation pipeline, but through modality-specific
ATAC reconstruction under shared latent regularization. For this reason, although its
results are competitive, they are not directly comparable to the stronger translation
based result obtained by GPG.

A similar pattern appears in the gene-reconstruction evaluation. The GPG model
obtained the highest mean Pearson correlation on both datasets, showing that it
preserves transcriptional structure more effectively than the other evaluated archi-
tectures. The dual-VAE also achieved solid reconstruction performance, confirming
that its RNA branch remains effective under shared latent regularization, but its
results remained below those of GPG. In contrast, PGP again showed clearly weaker
preservation of gene expression patterns. These results further support the conclu-
sion that the gene-peak-gene direction implemented by GPG is substantially more
effective than the reverse direction implemented by PGP.

Taken together, the experiments show clear differences among the three architec-
tures. GPG produced the strongest and most consistent results across the considered
evaluations, making it the most suitable model for the downstream explainability
analysis presented in the next chapter. Dual-VAE provided competitive results,
particularly in latent-space quality and modality-specific reconstruction, while PGP
remained the weakest model in most settings. Some variation was also observed
between PBMC 3k and PBMC 10k, indicating that dataset characteristics also

influenced the observed performance.
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Chapter 5
Explainability

Since the GPG model achieved the strongest overall performance among the sequential
architectures in Chapter 4, it was selected for the explainability analysis presented in
this chapter. The analysis was conducted on the PBMC 10k dataset and examines
model behavior at the single-cell level by modifying the value of one selected gene
in a representative cell and evaluating how the predicted peak profile changes. In
this way, the chapter provides an interpretable view of how gene-level perturbations

propagate through the learned gene—peak mapping.

5.1 Biological Motivation and Cell Selection

The perturbation experiments were guided by known marker genes associated with
major PBMC populations [5]. Figure 5.1 summarizes the specificity of representative
genes across five major immune-cell groups and was used to select biologically
meaningful marker genes for the explainability analysis.

To identify a representative cell for each group, a marker-based selection strategy
was applied. For each cell type t, let M, denote the corresponding set of marker
genes retained in the processed gene-expression matrix. The representative cell was

selected as the cell with the highest mean marker expression:

DA (5.1)

geMy

" 1
iy = argmax WA
t

This procedure was applied to the preprocessed PBMC 10k gene-expression matrix.
It provides a practical way to identify cells whose expression profiles are strongly

consistent with the expected marker pattern of each major immune population.
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Figure 5.1: Marker-gene specificity heatmap used to guide the selection of rep-
resentative genes across major PBMC cell populations. The heatmap highlights
characteristic genes for CD4% T, CD8" T, Monocytes, B, and NK cells. Adapted
from [5].

5.2 Perturbation Framework

Let (N4 ¢ RY denote the preprocessed gene-expression vector of a selected cell,
and let k£ be the index of the selected gene. A perturbation is introduced by replacing

the original value of gene k£ with a new value:

~(RNA) Unew Jj= k
x.

(VA — (5.2)

RNA .
2NV £k

For each experiment, a baseline peak prediction was first computed from the

(BNA) was subse-

original input vector and then kept fixed. The perturbed vector
quently propagated through the trained GPG model multiple times. Since the model
is variational and relies on latent sampling, repeated forward passes can yield slightly
different outputs even for the same perturbed input. For this reason, a Monte Carlo
perturbation procedure was adopted.

For each experiment, the perturbed gene vector was propagated through the
trained GPG model 100 times. At each run, the predicted peak profile was compared
with the fixed baseline prediction of the same cell. A peak was counted as changed
only when the perturbation produced a robust shift in predicted accessibility state,
excluding values close to the decision threshold. The analysis therefore focused on
peaks that changed consistently across repeated stochastic forward passes rather
than on isolated fluctuations due to latent sampling.

For each peak j, the number of runs in which a state change was observed was
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recorded and converted into a change frequency,

G

fj:N

(5.3)

where ¢; is the number of runs in which peak j changed state and N = 100 is the
total number of runs. Changes were further categorized into peaks that became

accessible after perturbation and peaks that lost accessibility after perturbation.

5.3 Selected Perturbation Experiments

A total of five representative PBMC 10k cells, one from each major immune cell
population, were selected using the marker based procedure described in Section 5.1.
In each case, one biologically meaningful marker gene was perturbed. Table 5.1

summarizes the selected cells and perturbation values.

Cell type Selected cell Gene Original Perturbed
NK AATGTCCAGGTGTTAC-1 NKG7 3.67 (18) 2.89 (8)
B TCTTAGTTCCGCAACA-1 CD79A 2.78 (17) 0.00 (0)
Monocytes CCTAATCGTAATCGTG-1 FCGR3A 0.00 (0) 2.58 (20)
cDs8t T AATCCGTAGCCTAATA-1 CD8B 0.00 (0) 1.74 (5)
CcD4at T GTCGGTTCAGCAACAG-1 IL7R 1.59 (4) 0.00 (0)

Table 5.1: Marker gene perturbations used for the explainability analysis on rep-
resentative PBMC 10k cells. Values are reported in the preprocessed model-input
space, with corresponding raw-count values shown in parentheses.

These perturbations were designed to cover different types of gene-level inter-
ventions, including gene activation, gene silencing, and partial down-regulation. By
modifying one biologically meaningful marker gene at a time and observing the result-
ing changes in predicted peak accessibility, the analysis aims to identify peaks that

are most sensitive to each gene-specific perturbation within the learned gene—peak

mapping.

5.4 Perturbation Results

For each selected cell-gene pair, the predicted peaks were ranked according to the
frequency with which they changed accessibility state across the 100 stochastic
forward passes. Figures 5.2-5.6 show the top sensitive peaks identified for the
five perturbation experiments. In these plots, blue bars denote peaks that became
accessible after perturbation, whereas red bars denote peaks that lost accessibility

after perturbation.
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Figure 5.2: Top sensitive peaks after perturbing NKG7 in the selected NK cell
AATGTCCAGGTGTTAC-1. The response shows a mixed pattern of accessibility gains
and losses following partial down-regulation of the marker gene.
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Figure 5.3: Top sensitive peaks after perturbing C'D79A in the selected B cell
TCTTAGTTCCGCAACA-1. The most sensitive peaks are mainly associated with losses
of predicted accessibility after gene silencing.
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Figure 5.4: Top sensitive peaks after perturbing FCGR3A in the selected monocyte
CCTAATCGTAATCGTG-1. This perturbation produces a strong accessibility response
and is dominated by accessibility gains after gene activation.

Most sensitive peaks for gene 'CD8B' in cell "AATCCGTAGCCTAATA-1

chr3:4474559-4475424
chrld4:102509454.102510298
chr5:109468488-109469391
hrl5:78051665-78052558
chrl:224182847-224183716
hr21:39312071-39312904
chrl3:114234586-114235489
chr9:72351397-72352343
chr2:229714164-225715010
chr20:37178682-37179593
hr21:29196071-29196979
hrl2:76559414-76560239
chrx:149470664-149471541
chrl:16498769-16499678
«chr8:38938181-38939093
chrl:168136428-168137238
hr20:2300919-2301840
chr2:112181336-112182240
hrl7:77086227-77087108

BN Closed - Open
chrl9:6767282-6768235 Em COpen —+ Closed

B Ambiguous | None

T
00 0l 0z 03 04 05 0.6
Change Frequency

Figure 5.5: Top sensitive peaks after perturbing CD&B in the selected CD8' T cell
AATCCGTAGCCTAATA-1. The response is distributed across both accessibility gains
and losses after activating the marker gene from an initially inactive state.
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Figure 5.6: Top sensitive peaks after perturbing IL7R in the selected C D4 T cell
GTCGGTTCAGCAACAG-1. The resulting pattern is mixed, with both opening and closing
events observed after gene silencing.

5.5 Overall Interpretation

Taken together, the perturbation experiments show that the GPG model responds
to gene-level perturbations in a structured rather than random way. The response
depends on both the perturbed gene and the cellular context, with FCGR3A and
CD8B activation mainly associated with accessibility gains, CD79A silencing mainly
associated with accessibility losses, and NKG7 and IL7R showing more mixed pat-
terns. The strongest overall responses were observed for NKG7 and FCGRS3A. These
peaks should be interpreted as model-sensitive candidates rather than experimentally

validated regulatory targets.
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Chapter 6
Conclusion

This thesis developed Variational Autoencoder-based architectures for modeling
relationships between single-cell gene expression and chromatin accessibility in paired
multi-omic data. The study addressed the challenge of linking transcriptional activity
to regulatory chromatin state in a setting characterized by high dimensionality,
sparsity, heterogeneous statistical properties, and complex nonlinear dependencies
between modalities. To study this problem, three architectures were developed and
evaluated on the PBMC 3k and PBMC 10k multiome datasets from 10x Genomics
[18]: the Gene-Peak—Gene (GPG) model, the reverse Peak—Gene—Peak (PGP) model,
and a dual-VAE architecture with shared latent regularization. Together, these
models were used to assess whether structured variational learning can preserve
biologically meaningful latent organization, support cross-modal reconstruction, and
provide an interpretable basis for studying gene—peak relationships.

Among the evaluated architectures, the GPG model showed the strongest latent-
space performance overall. Its first latent representation best preserved the RNA-
derived cellular organization, reaching a weighted F1-score of 0.79, with agreement
metrics and UMAP visualizations supporting the same conclusion. The dual-VAE
also produced strong latent representations, especially in the RNA branch, whereas
PGP showed consistently weaker preservation of latent structure. These results
suggest that the reverse translation direction is more difficult under the sparsity and
dimensional imbalance of the data.

The output evaluations showed the same ranking. GPG achieved the best result
for peak prediction, with an F1 score of 0.56 on PBMC 10k, and the highest gene
reconstruction correlations on both datasets. The dual VAE remained competitive,
but its output performance stayed below that of GPG, while PGP was consistently
weaker. These results should be interpreted in light of the different model objectives:

the sequential architectures are designed for prediction across modalities, whereas
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the dual VAE mainly reconstructs each modality from its own latent representation
under shared latent regularization. Notably, this was achieved even though GPG
predicts chromatin accessibility from gene expression input, whereas PGP starts
from the peak modality itself.

Beyond quantitative performance, an explainability analysis of the GPG model
was introduced to explore gene—peak relationships learned by the model and to
assess whether they reflect meaningful structure. The results suggested that gene
perturbations produced selective and cell dependent changes in chromatin accessibility,
with different genes leading to different patterns of peak response. Importantly,
these effects were not uniform, since perturbing one gene did not simply cause all
candidate peaks to change in the same direction. Although these findings do not
provide experimental validation of regulatory interactions, they suggest that the
model can highlight candidate peak targets associated with transcriptional changes.

At the same time, this study has limitations related to data scope, model
comparability, and biological interpretation. The experiments were restricted to
PBMC multiome datasets, and for PBMC 10k the reported results were obtained on a
stratified subset rather than on the full dataset, which limits both the breadth of the
empirical comparison and the extent to which the findings can be generalized to other
biological settings. In addition, the three architectures were not compared under
fully identical conditions, since they differed not only in structure but also in training
configuration and objective. The sequential models were designed for prediction
across modalities, whereas the dual VAE mainly reconstructs each modality from
its own latent branch under shared latent regularization. As a result, part of the
observed performance differences may reflect practical training choices as well as
architectural properties. Training also remained sensitive to hyperparameter choice,
since stronger KL regularization and longer training in the sequential models did not
consistently improve the results. Finally, the explainability analysis remains model
based, and the identified gene—peak associations should therefore be interpreted as
candidate relationships rather than experimentally validated regulatory effects.

These limitations naturally point to several directions for future work. A broader
evaluation on larger datasets and additional biological systems would be important
to assess how robust the proposed models are beyond the PBMC setting. At the
same time, the modeling framework could be extended toward more expressive
cross modality learning, for example by extending the dual VAE to support explicit
translation between modalities and by exploring richer forms of latent coupling, to-
gether with a more systematic study of hyperparameter sensitivity and optimization.

Such extensions could also strengthen the explainability analysis, which could be
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further expanded by considering multi gene perturbations, comparisons across cell
populations, and integration with external genomic annotations. Ultimately, experi-
mental validation will be necessary to determine whether the candidate interactions
highlighted by the model correspond to true biological regulatory effects.

In conclusion, this thesis shows that structured VAE based modeling provides
a useful framework for studying gene—peak relationships in paired single cell multi
omic data. Among the proposed approaches, the GPG model achieved the strongest
overall performance, while the comparison across architectures also showed that
the direction of cross modality learning plays an important role. Although the
proposed models remain an initial step rather than a complete solution to single
cell regulatory modeling, the results show that structured generative approaches can
recover informative cross modality patterns and support interpretable exploration of

candidate regulatory relationships.
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