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ABSTRACT

Single-cell multi-omics technologies simultaneously measure multiple molecular layers -- transcriptome (scRNA-seq),
chromatin accessibility (SCATAC-seq), surface proteins (CITE-seq), DNA methylation (scBS-seq), and spatial position
(spatial transcriptomics) -- within individual cells, revealing how gene regulation, epigenetic state, and protein expression
coordinate to define cell identity and function. However, integrating these heterogeneous data modalities presents
formidable computational challenges: different modalities have different dimensionalities (20,000 genes vs 200,000
ATAC peaks vs 200 surface proteins), different noise characteristics (dropout in sScRNA-seq vs sparsity in SCATAC-seq),
and different biological scales (transcription vs chromatin vs protein). We present the Single-Cell Multi-Omics Integration
Framework (SCMOIF), evaluating five integration approaches -- canonical correlation-based alignment, variational
autoencoder joint embedding, graph-based multi-modal fusion, transformer-based cross-modal attention, and optimal
transport alignment -- across four integration tasks (paired multi-modal embedding, unpaired modality alignment,
cross-modal imputation, and regulatory network inference). Our Multi-Omics Integration Score (MOIS) measures
embedding quality, modality alignment accuracy, imputation fidelity, biological discovery, and computational scalability.
Transformer-based cross-modal attention achieves the highest MOIS (0.928) through learned attention weights that
capture biologically meaningful cross-modal relationships, while optimal transport alignment achieves the highest
unpaired alignment accuracy (0.960) through geometry-preserving mappings between modality-specific manifolds.
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1. Introduction

1.1 The Multi-Omics Single-Cell Revolution
Single-cell genomics has transformed biology by
resolving cellular heterogeneity invisible to bulk
measurements. scRNA-seq profiles have generated
atlases of 50+ million cells across organisms
(Human Cell Atlas, Tabula Sapiens, Tabula Muris),
revealing thousands of cell types and states. Yet
transcriptomics alone provides an incomplete
picture: gene expression is the downstream
readout of upstream regulatory events (chromatin
accessibility,  transcription  factor  binding,
epigenetic modifications) and is translated into
functional effectors (proteins) that determine cell
behaviour. Single-cell multi-omics technologies
measure multiple molecular layers simultaneously
in the same cell: 10x Multiome jointly profiles RNA
+ ATAC; CITE-seq measures RNA + 200+ surface
proteins; SHARE-seq captures RNA + ATAC +
protein; and spatial multi-omics (MERFISH +
immunofluorescence) adds spatial coordinates.
These technologies generate rich,
multi-dimensional portraits of individual cells, but
the computational challenge of integrating
heterogeneous modalities into a unified cell
representation remains unsolved. Hao et al. (2021)
demonstrated weighted nearest neighbour (WNN)
integration in Seurat v4 for CITE-seq data, but
WNN scales poorly to 3+ modalities and does not
learn shared biological factors.

1.2 Integration Challenges and Approaches

Five computational challenges define single-cell
multi-omics integration. First, dimensionality
mismatch: scRNA-seq measures 20,000 genes
while scATAC-seq measures 200,000 peaks --
requiring  dimensionality alignment  before
integration. Second, noise heterogeneity:
scRNA-seq has 70-90% dropout (genes detected in
< 10% of cells) while scATAC-seq is binary
(open/closed) with extreme sparsity. Third,
unpaired data: most experiments measure only
one modality per cell, requiring computational
alignment of cells measured in different
modalities. Fourth, biological scale: transcription,
chromatin, and protein operate on different
timescales (minutes, hours, days), S0
measurements capture different phases of the
same regulatory process. Fifth, scalability:
atlas-scale datasets contain millions of cells with
multiple modalities, requiring algorithms that
scale linearly or sub-linearly. Kovacs (2023)
evaluated computational analysis of non-coding
RNA that regulates the gene expression measured
by scRNA-seq. Section 2 reviews the literature.

Section 3 describes SCMOIF. Results in Section 4,
discussion in Section 5, conclusions in Section 6.

2. Literature Review

2.1 Paired and Unpaired Integration Methods
For paired data (multiple modalities measured in
the same cell), Seurat v4's WNN (Hao et al., 2021)
constructs modality-specific nearest neighbour
graphs and learns cell-specific modality weights,
achieving the first scalable paired integration for
CITE-seq. MOFA+ (Argelaguet et al.,, 2020) uses
Bayesian group factor analysis to decompose
multi-omics data into shared and modality-specific
factors, revealing which sources of variation are
common across modalities. For unpaired data
(different modalities in different cells from the
same tissue), Harmony (Korsunsky et al., 2019)
uses iterative soft clustering to align cells across
batches and modalities. GLUE (Cao and Gao,
2022) uses a graph-linked unified embedding that
connects modalities through a gene regulatory
prior (linking ATAC peaks to genes through
genomic proximity and correlation), achieving
AUROC 0.92 for cell type alignment across
unpaired RNA-ATAC datasets. Cobolt (Gong et al.,
2021) uses a multi-modal variational autoencoder
for joint embedding of paired RNA + ATAC data,
learning a shared latent space that captures cell
state better than either modality alone.

2.2 Deep Learning Integration and
Transformers

Deep learning approaches learn non-linear
mappings between modalities. scMVP (Li et al.,
2022) uses a multi-view variational autoencoder
that learns modality-specific encoders and a
shared decoder, enabling cross-modal imputation
(predicting ATAC from RNA and vice versa).
MultiVI (Ashuach et al.,, 2023) extends the scVI
framework to jointly model RNA + ATAC using a
variational mixture model that handles paired and
unpaired data in a unified framework.
Transformer-based approaches apply cross-modal
attention: scTranslator (Chen et al., 2023) uses a
transformer with cross-attention between RNA and
protein modalities, learning which genes predict
which surface proteins with attention weights that
are Dbiologically interpretable (high attention
between CD4 gene expression and CD4 protein, as
expected). Table 1 maps the key studies.

2.3 Optimal Transport and Spatial
Multi-Omics

Optimal transport (OT) provides a mathematically
principled framework for aligning distributions:
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given two point clouds (cells in RNA space and
cells in ATAC space), OT finds the minimum-cost
mapping between them that preserves geometric
structure. Demetci et al. (2022) developed SCOT
(Single-Cell Optimal Transport), showing that OT
alignment achieves better cell type matching than
CCA and Harmony for unpaired multi-omics. For
spatial multi-omics, Biancalani et al. (2021)
developed Tangram, which uses OT to map
scRNA-seq data onto spatial transcriptomics
coordinates, enabling spatial imputation of genes
not measured in the spatial experiment. The
integration of spatial position with molecular
multi-omics represents the frontier:
simultaneously knowing what a cell expresses,
how its chromatin is organised, which proteins it
displays, and where it sits in tissue architecture
provides the most complete picture of cell biology
achievable with current technology.

Table 1: Key Studies in Single-Cell
Multi-Omics Integration

Study/ Y Integrati Modal Key Achievement
Tool e on ities
a Method
r
Seurat 2 | Weighted @ RNA + | Cell-specific
v4 0 nearest protein modality weighting
(WNN) 2 neighbour
1
MOFA+ 2 Bayesian | Anym @ Shared + specific
0 | factor ulti-om  variation factors
2 | analysis ics
0
GLUE 2 | Graph-link | Unpair AUROC 0.92 cell
0 | ed embed | ed type alignment
2 | ding RNA +
2 ATAC
Cobolt 2 | Multi-mod Paired | Joint latent space,
0 al VAE RNA + | cell state
2 ATAC
1
MultiVl | 2 | Variationa RNA + | Unified paired +
0 1l mixture | ATAC ( unpaired
2 paired/ framework
3 unpair
ed)
scTrans | 2 @ Cross-atte RNA + Interpretable
lator 0 ntion tran | protein gene-protein
2 | sformer attention
3
SCOT 2 | Optimal Unpair = Geometry-preservi
0 transport |ed mul ng alignment
2 ti-omic
2 S

Study/ Y Integrati Modal Key Achievement
Tool e on ities
a Method
r
Tangra |2 @ OT spatial scRNA | Spatial gene
m 0 | mapping + imputation
2 spatial
1
Harmon 2 | Iterative Batch/ | Scalable
y 0 | soft modali  integration, IM+
1 | clustering |ty alig @ cells
9 nment
Korsuns | 2 Harmony Gener | Fast, scalable
kyetal. | 0 algorithm al batch correction
1
9
VAE = Variational Autoencoder; OT = Optimal

Transport; WNN = Weighted Nearest Neighbour; CCA =
Canonical Correlation Analysis.

3. Methodology

3.1 Five Integration Approaches

Approach I1 (CCA-Based Alignment) uses Seurat
vb's canonical correlation analysis to identify
shared correlation structures between modalities,
projecting cells into a shared CCA space. Extended
to 3+ modalities by sequential pairwise alignment
with anchor-based integration. Approach 12 (VAE
Joint Embedding) uses MultiVl for paired +
unpaired RNA-ATAC integration and Cobolt for
paired RNA-ATAC, learning shared latent spaces
(30-50 dimensions) with modality-specific
encoders and a shared decoder. Approach I3
(Graph-Based Fusion) wuses GLUE's (gene
regulatory graph to link modalities through
biological priors (gene-peak associations from
genomic proximity + correlation), constructing a
multi-modal cell graph for unified embedding via
graph  attention networks. Approach 1[4
(Transformer Cross-Modal Attention) wuses a
6-layer transformer with cross-attention between
modality-specific token sequences (genes for RNA,
peaks for ATAC, proteins for CITE-seq), learning
modality-specific representations fused through
attention. Approach I5 (Optimal Transport
Alignment) uses SCOT for unpaired modality
alignment and Gromov-Wasserstein distance for
cross-domain matching, preserving the intrinsic
geometry of each modality manifold during
alignment.

3.2 Four Integration Tasks

Task T1 (Paired Multi-Modal Embedding) creates a
unified cell embedding from paired RNA + ATAC
(10x Multiome) or RNA + protein (CITE-seq)
measurements in the same cell. 4 datasets: PBMC
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Multiome (12,000 cells), brain Multiome (20,000
cells), PBMC CITE-seq (30,000 cells), bone
marrow CITE-seq (35,000 cells). Metric: silhouette
score for cell type separation in the joint
embedding. Task T2 (Unpaired Modality
Alignment) aligns cells measured in different
experiments with different modalities (scRNA-seq
in one experiment, scATAC-seq in another from
the same tissue). 4 dataset pairs: PBMC, brain,
kidney, tumour. Metric: fraction of cells matched
to the correct cell type (FOSCTTM). Task T3
(Cross-Modal Imputation) predicts unmeasured
modalities from measured ones (predict ATAC
from RNA, predict protein from RNA). Metric:
Pearson correlation between imputed and held-out
measured values. Task T4 (Regulatory Network
Inference) infers gene regulatory relationships
from paired RNA + ATAC data (linking ATAC
peaks to target genes through -correlated
accessibility-expression dynamics). Metric: AUPRC
against ChIP-seq validated TF-target pairs.

3.3 Multi-Omics Integration Score

MOIS weights five dimensions: embedding quality
(0.25), alignment accuracy (0.20), imputation
fidelity (0.20), biological discovery (0.20), and
scalability (0.15). Embedding quality measures
silhouette score for cell type separation and batch
mixing in the joint embedding (higher = better
separation of biology, better mixing of batches).
Alignment accuracy measures FOSCTTM for
unpaired modality matching. Imputation fidelity
measures Pearson r between imputed and
measured values across held-out features.
Biological discovery measures novel cell types or
regulatory relationships identified by integration
that single-modality analysis misses. Scalability
measures runtime and memory for increasing
dataset sizes (10K, 100K, 1M cells). Table 2 details
parameters.

Table 2: SCMOIF Evaluation Parameters

Parameter Value Notes

Unpaired
datasets

4 tissue pairs
(PBMC, brain,
kidney, tumour)

10K-100K per

Separate scRNA +
SCATAC experiments

Cell counts Scalability tested to

dataset 1M
Ground Expert cell type  Published reference
truth annotations, annotations
ChIP-seq
TF-targets
Hardware 8x A100 GPU, Standard compute
512 GB RAM environment
MOIS 5 (embedding, Weighted composite
dimensions | alignment, score 0-1
imputation,
discovery,
scalability)

Parameter Value Notes
Integration | 5 (I1-1I5) CCA, VAE, graph,
approaches transformer, optimal
transport
Integration | 4 (embedding, Paired + unpaired
tasks alignment, evaluation
imputation,
regulatory)
Paired 4 (PBMC/brain 10x Multiome +
datasets Multiome, CITE-seq
PBMC/BM
CITE-seq)

CCA = Canonical Correlation Analysis; VAE = Variational
Autoencoder; PBMC = Peripheral Blood Mononuclear
Cells; BM = Bone Marrow.

4. Results

4.1 Transformer Cross-Modal Attention Leads
Overall

Transformer-based cross-modal attention (I4)
achieved the highest MOIS of 0.928, driven by
superior embedding quality (0.960) and biological
discovery (0.940). For paired PBMC CITE-seq data
(T1), the transformer embedding achieved
silhouette score 0.68 for cell type separation --
18% above CCA (0.58), 12% above VAE (0.61), and
8% above graph fusion (0.63). The cross-attention
mechanism learned Dbiologically meaningful
gene-protein relationships: the top attention
weights connected CD3E expression to CD3
protein, MS4A1 to CD20, and ITGAX to CD11c --
canonical marker gene-protein pairs that validate
the model's biological interpretability. For
regulatory  network  inference (T4), the
cross-attention between RNA and ATAC modalities
identified 2,400 peak-gene regulatory links with
AUPRC 0.42 -- 24% above correlation-based
methods (0.34) -- by learning that co-variation in
chromatin accessibility and gene expression
across cells indicates regulatory relationships,
with attention weights reflecting the strength of
the regulatory connection.

4.2 Optimal Transport Achieves Highest
Alignment

Optimal transport alignment (I5) achieved the
highest unpaired alignment accuracy (0.960):
FOSCTTM (fraction of samples closer than true
match) was 0.92 for PBMC RNA-ATAC alignment --
meaning 92% of cells were matched to their
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correct cell type across modalities. MOIS scored
0.904. The geometry-preserving property of OT is
the key advantage: OT finds the minimum-cost
mapping that respects the manifold structure of
each modality, preventing the distortion that linear
methods (CCA) and even non-linear methods (VAE)
can introduce when the modality-specific
manifolds have different topologies. For the
tumour dataset (most challenging due to
continuous rather than discrete cell states), OT
alignment achieved FOSCTTM 0.84 versus 0.68 for
CCA and 0.76 for VAE -- a larger advantage
reflecting OT's ability to align continuous
gradients rather than just discrete clusters. VAE
joint embedding (I2) scored MOIS 0.896. Graph
fusion (I3) scored 0.888. CCA alignment (I1)
scored 0.868. Tables 3 and 4 present all results.

4.3 Integration Reveals Hidden Biology
Multi-omics  integration revealed biological
insights invisible to single-modality analysis. In the
bone marrow CITE-seq dataset, the transformer
(14) identified a transitional cell population (0.8%
of cells) with B-cell transcriptomic markers but
NK-cell surface protein markers (CD56+, CD19-) --
a population invisible to RNA-only or protein-only
analysis but revealed by the discordance between
modalities. This population was confirmed as the
recently described NKB (NK-like B) cells involved
in innate-adaptive immune crosstalk. In the brain
Multiome dataset, regulatory network inference
(T4) identified 148 enhancer-gene regulatory links
specific to oligodendrocyte precursor cells (OPCs)
that were not detected in bulk ATAC-seq studies --
demonstrating the value of single-cell resolution
for cell-type-specific regulatory discovery. Kovacs
(2023) evaluated non-coding RNA analysis where
multi-omics integration identifies ncRNA
regulatory roles across molecular layers.

Table 3: Multi-Omics Integration Score by
Approach (0-1)

Approach Emb Alig Imp Disc Scal M
eddi nme utati over abili OI
ng nt on y ty S

I4: Transf 1 0.96 092 0.92 094 0.84 0.9

ormer 0 0 0 0 0 28
15: 0.90 096 0.88 0.88 0.88 0.9
Optimal 0 0 0 0 0 04
Transport

12: VAE 0.88 090 092 0.86 0.90 0.8
Joint 0 0 0 0 0 96
13: Graph 0.88 0.88 | 0.86 0.88 0.86 0.8
Fusion 0 0 0 0 0 88

Approach Emb Alig Imp Disc Scal M
eddi nme utati over abili OI

ng nt on y ty S
I1: CCA 0.84 0.84 084 0.82 0.94 0.8
Alignment 0 0 0 0 0 68

MOIS weighted: embedding 0.25, alignment 0.20,
imputation 0.20, discovery 0.20, scalability 0.15.

Table 4: Task-Specific Performance by
Approach

Approach T1: Em T2: Align T3: Imp T4: Reg
bedding ment (F utation ulatory

(Sil.) OSCTTM ((9) (AUPRC
) )
I1: CCA 0.58 0.78 0.62 0.30
12: VAE 0.61 0.84 0.72 0.36
I13: Graph | 0.63 0.82 0.66 0.38
I4: Transf  0.68 0.88 0.74 0.42
ormer
I5: 0.64 0.92 0.68 0.34
Optimal
Transport

Sil. = silhouette score (higher = better). FOSCTTM =
fraction of samples closer than true match. r = Pearson
correlation for imputed vs measured. AUPRC = area
under precision-recall curve.

14: Transformer 0.93

501 _ 020

12: VAE ‘ 0.90

13: Graph 0.89

11: CCA 0.87
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Multi-Omics Integration Score (0-1)

Figure 1: Multi-Omics Integration Score (MOIS) by

Approach
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Figure 4: Multi-Dimensional Comparison -- Top 3
Approaches

5. Discussion

5.1 Cross-Attention as Biological Inference

The transformer's cross-attention mechanism
provides both computational power and biological
interpretability. Unlike VAEs that learn a shared

latent space through an information bottleneck

(forcing modalities into a common representation),
the transformer maintains modality-specific
representations and learns which features in one

modality predict which features in the other
attention
interpretable:  high
cross-attention between a gene and a chromatin
peak indicates a regulatory relationship; high
attention between a gene and a surface protein

through These

weights  are

attention weights.
directly

indicates translational
interpretability advantage is
integration  methods and

coupling. This
unique
transforms  the

integration tool from a preprocessing step into a
discovery engine. The NKB cell identification
demonstrates this: the transformer's cross-modal

attention highlighted the CD56-CD19 discordance
that defined this rare population, while methods
that force modalities into a shared space (CCA,
VAE) averaged away this informative discordance.

5.2 Optimal Transport for Geometric Fidelity

among

OT's highest alignment accuracy for unpaired data
reflects its mathematical property of preserving
the intrinsic geometry of each modality manifold.
Biological cell states form continuous manifolds
(differentiation trajectories, activation gradients)
that linear methods (CCA) distort by projecting

onto low-dimensional subspaces. OT maps
between manifolds while respecting their
curvature, achieving superior alignment for

continuous cell states (tumour dataset, FOSCTTM
0.84 vs 0.68 for CCA). The practical implication is
that OT should be the default method for unpaired
multi-omics alignment, especially for datasets with
continuous cell state variation (development,
disease progression, drug response).

5.3 Limitations and Scalability

Three limitations constrain single-cell multi-omics
integration. First, the transformer (I4) scales
quadratically with the number of features per
modality, limiting practical application to < 100K
cells without feature selection or approximation.
Flash attention and sparse attention
implementations could address this. Second,
cross-modal imputation (T3) accuracy (Pearson r
0.68-0.74) is insufficient for quantitative use --
imputed values should be treated as qualitative
predictions, not measurements. Third, regulatory
network inference from multi-omics data identifies
correlational rather than causal relationships: a
peak-gene correlation does not prove that the
enhancer regulates the gene. Perturb-seq
validation @ (CRISPR deletion of predicted
enhancers) is essential for causal confirmation.

6. Conclusion

6.1 Key Findings

Transformer-based cross-modal attention achieves
the highest Multi-Omics Integration Score (0.928)
through interpretable attention weights that
reveal Dbiologically meaningful cross-modal
relationships, improving cell type embedding by
18% over CCA and identifying rare cell
populations invisible to single-modality analysis.
Optimal transport (0.904) achieves the highest
unpaired alignment (FOSCTTM 0.92) through
geometry-preserving manifold matching.
Integration reveals hidden biology: NKB cells from
protein-RNA  discordance, 148 OPC-specific
enhancer-gene links from chromatin-expression
dynamics.

6.2 Future Directions
Three advances would transform single-cell
multi-omics integration. First, foundation models
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pre-trained on millions of multi-omics single cells
across tissues and species, providing universal
multi-modal cell representations for any
downstream task. Second, temporal multi-omics
integration  that models how  chromatin
accessibility changes lead to transcriptomic
changes that lead to proteomic changes --
capturing the causal chain of gene regulation in
time. Third, spatial multi-omics integration that
combines molecular multi-omics with spatial
coordinates, enabling 3D maps of gene regulation
within intact tissues. The SCMOIF toolkit, all
integration code, benchmark datasets, MOIS
calculator, and approach selection guide are
available at scmoif-integration.org under CC BY
4.0 licence.
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Appendix A

Integration Model Specifications and
MOIS Calculation Methodology

This appendix provides complete specifications for
each integration approach, including model
architectures, training procedures, and the MOIS
scoring rubric.

Part I -- Model Specifications

la. I1: Seurat v5 CCA, 30 CCs, anchor-based
integration, sequential pairwise for 3+ modalities
.............. 10 min for 50K cells

1b. I2: MultiVI (scVI framework), 30-dim latent,
2-layer encoder/decoder per modality .............. 2 hr
training for 50K cells

2a. I3: GLUE, gene regulatory graph (peak-gene
links), 4-layer GAT, 128-dim embedding .............. 4 hr
training for 50K cells

2b. I4: 6-layer transformer, 256-dim, 8 heads,
cross-attention between modality tokens .............. 8
hr training for 50K cells

3a. I5: SCOT (entropic OT, epsilon=0.01) +
Gromov-Wasserstein for cross-domain alignment
.............. 30 min for 50K cells

3b. All: 5-fold CV, cell type annotations from
published atlases as ground truth ..............
Standardised evaluation protocol

Part II -- MOIS Scoring Rubric

4a. Embedding: Silhouette score for cell type
separation x (1 - batch effect ASW) .............. Biology
preserved, batch removed

4b. Alignment: FOSCTTM for unpaired modality cell

type matching .............. Higher = better alignment
5a. Imputation: Pearson r between imputed and
held-out measured features .............. Averaged across
modalities

5b. Discovery: Number of novel cell types or
regulatory links identified by integration ..............
Expert-validated

6a. Scalability: 1.0 - log10(minutes for 100K cells) / 4
.............. Faster = better

6b. MOIS = 0.25*Embedding + 0.20*Alignment +
0.20*Imputation + 0.20*Discovery + 0.15*Scalability






