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Abstract

Single-cell multi-omics sequencing technology provides a powerful tool for
studying cellular heterogeneity. However, beyond the challenges of spar-
sity, heterogeneity, and dimensionality differences, a critical challenge in
multi-omics data integration lies in preserving the true regulatory relation-
ships among molecular features. To address these limitations, we propose
single-cell multi-omics graph neural networks (scMOG), a framework that
leverages heterogeneous graphs to preserve regulatory relationships in
single-cell multi-omics data. scMOG leverages encoders to extract low-
dimensional embeddings of both cells and features while reconstructing
the input data using zero-inflated negative binomial decoders, effectively
handling high sparsity and noise. In addition, scMOG introduces a
contrastive learning module and an omics alignment module to preserve
differences in expression patterns across distinct omics while extracting
consistent information. Experimental results on eight single-cell multi-omics
datasets demonstrate that scMOG outperforms existing methods, produc-
ing embeddings that capture meaningful biological signals. scMOG pro-
vides an effective solution for integrating single-cell multi-omics data,
offering a scalable framework that preserves regulatory signals.
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The emergence of single-cell RNA sequencing (scRNA-
seq) technology has provided a comprehensive cellular
landscape at the single-cell level, enhancing our un-
derstanding of cellular heterogeneity [1-3]. In recent
years, advancements in sequencing technologies have
led to the generation of multiple types of omics data,
including the transcriptome, genome, epigenome,
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proteome, and metabolome. Current sequencing tech-
nologies have enabled the simultaneous measurement
of multiple omics layers [4]. For example, single-cell
assay of transposase-accessible chromatin sequen-
cing (scATAC-seq) can detect chromatin accessibility,
whereas single-cell chromatin accessibility and tran-
scriptome sequencing (scCAT-seq) allows the simulta-
neous analysis of the transcriptome and epigenome [5].
Similarly, the cellular index of transcriptomes and
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epitopes by sequencing (CITE-seq) enables the simul-
taneous analysis of the transcriptome and cell surface
protein expression levels [6].

scRNA-seq data are characterized by high dimen-
sionality, high sparsity, and high noise levels [7]. To
address these challenges, numerous algorithms have
been developed for their analysis [8, 9]. Prior to
downstream analyses, scRNA-seq data typically
require clustering [10]. However, examining single-cell
data from a single perspective may fail to capture a
comprehensive view of cellular states. Integrating
multiple omics layers can provide complementary in-
sights [11-13]. For instance, proteomic data, which
capture proteins bound to antibodies during measure-
ment, tend to be less sparse, making them useful
for identifying common cell types. In contrast to
scRNA-seq data, scATAC-seq data contain more cell
type-specific information, as such information is pri-
marily located in enhancer regions, which are effec-
tively captured by scATAC-seq technology [14]. Altho-
ugh clustering based on a single omics layer remains
useful, it may overlook broader regulatory interactions
and cross-omics dependencies within cells. Therefore,
integrating multiple omics layers can offer a more
comprehensive approach to cell identification [15].

With the development of sequencing technologies,
various multi-omics integration methods have emerged.
Traditional single-cell multi-omics integration ap-
proaches primarily fall into two categories: matrix
factorization-based and manifold alignment-based
methods. Matrix factorization methods, such as multi-
omics factor analysis (MOFA) [16], employ a probabi-
listic Bayesian framework to jointly decompose multi-
omics data through shared factor matrices, extending
principal component analysis (PCA) to multi-omics ap-
plications while maintaining interpretability. Coupled
NMF [17] applies non-negative matrix factorization to
single-cell genomic data, projecting two omics matrices
into low-dimensional spaces and introducing a coupling
matrix that leverages gene regulatory relationships to
establish cross-omics linear mappings, thereby
enhancing feature consistency. However, such linear
approaches often struggle to capture complex
nonlinear cross-omics relationships. In contrast, mani-
fold alignment methods such as MACHER [18] utilize
Gaussian process latent variable models to infer shared
pseudotemporal trajectories across omics modalities,
revealing coordinated transcriptomic and epigenomic
dynamics. Although these nonlinear methods better
model biological complexity, they typically require
stronger prior assumptions and involve higher compu-
tational costs.

Deep learning has facilitated progress in a variety of
computational tasks across different omics [19-21].
Variational autoencoders (VAE) [22] have been
demonstrated to be effective in scRNA-seq batch effect

removal [23] and have also been widely adopted for
multi-omics data integration. For instance, totalVI [24]
integrates paired transcriptomic and proteomic data
using VAE, whereas Cobolt [25] assumes shared latent
variables across omics modalities to capture biological
signals, employing VAE to infer latent representations
as cross-omics cell embeddings. DCCA [26] combines
VAE with attention transfer to jointly model tran-
scriptomic and epigenomic data from the same cells.
Unlike DCCA'’s attention transfer, scMIC [27] enhances
latent embedding similarity through multiple collabora-
tive supervised clustering modules. However, these
methods often neglect regulatory relationships between
omics features and fail to account for the varying
importance of different omics, despite transcriptomic
data’s richer information content [28]. scDRMAE [29]
employs parallel masked autoencoders with ResNet-
like architectures [30] to preserve RNA-seq informa-
tion during fusion but overlooks cross-feature in-
teractions. SIMBA [31] is a versatile single-cell
embedding framework that embeds both cells and
features into a shared latent space, enabling unified
downstream analysis. A critical challenge remains in
addressing the high sparsity of gene expression and
chromatin accessibility data through appropriate data
distribution models. In addition, existing methods pre-
dominantly focus on learning cell-level embeddings
while neglecting the explicit extraction of feature em-
beddings, which poses challenges for downstream
analysis.

Inspired by prior work on scRNA-seq data dimen-
sionality reduction [32] and integration [33], we propose
scMOG, a single-cell multi-omics integration model
specifically designed for paired data that integrates two
modalities measured in the same cells simultaneously.
For each omics layer, scMOG employs parallel graph
autoencoder architecture. Leveraging feature expres-
sion levels across cells and prior feature relationships,
the model utilizes graph neural network (GNN)-based
encoders to generate high-quality representations that
effectively fuse feature dependencies. An omics align-
ment loss connects the parallel graph autoencoders to
align low-dimensional embeddings of identical cells
while eliminating redundant information. To address
high noise and sparsity in single-cell data, scMOG
estimates modality-specific distributions to prevent in-
formation loss during encoding. Additionally, a
contrastive learning module is integrated into the
shared space for each modality to enhance discrimi-
native cell embeddings. The modules of scMOG work
synergistically to learn cell representations in an un-
supervised manner. We evaluated scMOG on real
single-cell multi-omics datasets and compared it with
nine benchmark methods. Extensive experimental re-
sults demonstrate that scMOG outperforms benchmark
methods.
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2 | RESULTS

This section first provides an overview of scMOG. To
evaluate the performance of scMOG in integrating
paired single-cell multi-omics datasets, experiments
were conducted on datasets from different species and
tissues. Detailed information on all datasets used can
be found in Table 1. Comparisons were made with nine
benchmark algorithms to validate the robustness and
scalability of scMOG in integrating single-cell multi-
omics data. The evaluation metrics included adjusted
Rand index (ARI) [34], normalized mutual information
(NMI) [35], and accuracy (ACC) [36], along with clus-
tering result visualization [37]. Furthermore, the re-
lationships between features in the shared space are
evaluated using mean squared error (MSE) and accu-
racy values.

2.1 | The overview of scMOG

Suppose there are M omics layers, each represented
by a matrix X; € R™/", where n denotes the number of
cells and /; represents the feature dimension of the j-th
omics. The goal of deep learning-based integration
methods is to find a mapping function F that projects

multi-omics data into a unified latent space, which can
be mathematically formulated as follows:

F:{Xy,Xa,...,Xu}—Z € R™,

where Z is the low-dimensional joint representation of
cells, and d is the dimension of the latent space.

The workflow of scMOG is illustrated in Figure 1.
This method is based on a graph autoencoder frame-
work, with the primary goal of obtaining effective low-
dimensional embeddings of cells and features by inte-
grating information from different omics. In the
low-dimensional space, it aims to preserve biological
information as much as possible while maintaining the
correlations between features. Ultimately, the low-
dimensional embeddings of cells derived from gene
expression data are used for clustering and visualiza-
tion, whereas the feature embeddings facilitate the
quantitative analysis of preserved transcriptional regu-
latory information and protein—protein interaction data.

The key components of scMOG include the graph
autoencoder, contrastive learning module, and omics
alignment module, each playing a crucial role. The
encoder in the graph autoencoder encodes cells and
features into low-dimensional embeddings, which are
then reconstructed into the original data matrix using a
zero-inflated negative binomial (ZINB) decoder. For
each input modality, a contrastive learning module is
incorporated to ensure that similar cells are pulled
closer in the shared space, whereas different cell types

are pushed apart, thereby improving integration per-
formance. Additionally, an omics alignment module is
introduced to connect the autoencoders of different
omics, ensuring that the same cells remain close in the
shared space while removing redundant information
across omics. In the following sections, we will illustrate
each module of scMOG using gene expression data
and chromatin accessibility data as an example.

211 | Graph autoencoder

scMOG takes preprocessed gene expression data
X; = [xﬂe R™™ and chromatin accessibility data

X, = {x,ﬂe R™™ as input, where n is the number of

preprocessed cells, whereas m4 and m, represent the
counts of preprocessed genes and chromatin accessi-
bility regions, respectively. The encoder, based on
LightGCN [38], generates low-dimensional represen-
tations for cells: E;, € R™, E,c R™, as well as for
features: Ef € R™9, Ef, € R™9, where d is the
embedding dimension, which is the same for both cells
and features in scMOG. Because the heterogeneous
graph connects cell nodes and feature nodes directly,
each graph convolution performs message passing
across the two node types, ensuring that Ey, reflects the
neighborhood structure shaped by E;, whereas Eg
simultaneously integrates regulatory signals encoded in
E;. To reconstruct the original data, the Hadamard
product [39] is applied to E, and E¢,, as well as E, and
E;, followed by a ZINB-based decoder, which esti-
mates the distribution parameters of the two omics
layers.

2.1.2 | Contrastive learning module

Given the widespread application of contrastive
learning in single-cell data analysis, scMOG in-
corporates a contrastive learning module to optimize
the low-dimensional representations of cells. For each
omics dataset, mutual nearest neighbor (MNN) pairs
are identified in the preprocessed space. These MNN
pairs are treated as positive pairs, whereas for each
positive pair, a random cell is selected as a negative
sample. A triplet loss is used for model training, and its
superior performance in scRNA-seq data integration
has been demonstrated [40].

2.1.3 | Omics alignment module

The omics alignment module in scMOG is designed to
enhance the consistency of cell representations across
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TABLE 1 Quantitative information of all datasets.
Dataset No. of cells No. of genes No. of peaks/proteins Species Tissue/organ Technology
Ma-1 5692 21,478 340,341 Mouse Skin SHARE-seq
Ma-2 5927 21,478 340,341 Mouse Skin SHARE-seq
PBMC-1 11,909 36,601 108,377 Human PBMC 10x Multiome
PBMC-2 10,137 36,601 139,620 Human PBMC 10x Multiome
Chen 9190 28,930 241,757 Mouse Cortex SNARE-seq
Spector 3762 33,538 49 Human PBMC 10x Multiome
SLN208-1 8715 13,553 209 Mouse Spleen and lymph node CITE-seq
SLN208-2 7105 13,553 209 Mouse Spleen and lymph node CITE-seq
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FIGURE 1 Overview of the scMOG. (A) Input data preprocessing and module design. Given raw transcriptomic data X and another omics

data X; (either epigenomics or proteomics), each matrix undergoes separate preprocessing. The two omics layers interact through three key
modules: the graph autoencoder module, the contrastive learning module, and the omics alignment module. These modules enable
unsupervised learning of both cell and feature representations for each omics layer. (B) Cross-omics encoding with LightGCN. The input data is
encoded using a LightGCN-based encoder, where @ represents the information aggregation process. When integrating gene expression and
chromatin accessibility data, the feature representation of one omics layer incorporates information from the other omics layer that has a
regulatory relationship with it at each encoding layer. (C) Performance evaluation of scMOG. The performance of scMOG is assessed through
clustering visualization, identification of differentially expressed genes, and the computation of evaluation metrics. ADT, antibody-derived tag;
UMAP, uniform manifold approximation and projection; ZINB, zero-inflated negative binomial.

different omics layers by maximizing their shared
structure. Specifically, cosine similarity is computed
between the cell embeddings from both omics. Given
that each omics dataset contains n cells, the similarity

matrix is compared against an n-dimensional identity
matrix using MSE. This objective encourages embed-
dings of the same cell to be close in the shared latent
space while reducing modality-specific noise, thereby
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improving cross-omics alignment and representation
consistency.

2.2 | Effective integration of
transcriptomics and epigenomics

To demonstrate that scMOG can effectively integrate
transcriptomic and epigenomic data, we first conducted
experiments on multiple real datasets from different
species and tissues, covering various biological back-
grounds of mice and humans. Among the five datasets
used in the experiments, Ma-1 and Ma-2 are relatively
small-scale, PBMC-1 and PBMC-2 contain more than
ten thousand cells and are large-scale, whereas the
Chen dataset is of medium scale. We compared
scMOG with eight benchmark methods: scMDC [41],
scMIC [27], DCCA [26], Cobolt [25], PCA, scGAE [42],
SIMBA [31], and scDRMAE [29]. Because totalVI [24] is
not applicable for integrating transcriptomics and epi-
genomics, it was not included in this comparison.

Figure 2A presents the uniform manifold approxi-
mation and projection (UMAP) visualization of cell
embeddings obtained by different algorithms on the
Chen dataset, which consists of 22 cell types. scMOG
generates cell representations (E;, and Ey,) for both
omics by leveraging the LightGCN framework. Our
experiments revealed that transcriptomic cell repre-
sentations retain more informative features; therefore,
clustering was performed using transcriptomic embed-
dings, as shown in Table S2. The visualization indicates
that scMOG effectively integrates transcriptomic and
epigenomic data. Compared to other methods, scMOG,
along with scMDC and DCCA, successfully separates
different cell types with a well-defined distribution. For
instance, cell types Clau and E5Tshz2 are better
distinguished by scMOG. Notably, scGAE, an algorithm
specifically designed for scRNA-seq data, exhibits
limited capability in distinguishing cell types on the
Chen dataset, suggesting that incorporating multi-
omics data provides richer biological information.
Further performance evaluation in Figure 2B demon-
strates that scMOG achieves better performance met-
rics on the Chen dataset (ARI = 0.71, NMI = 0.73,
ACC = 0.81).

Besides the Chen dataset, scMOG also demon-
strates excellent integration capabilities across the other
four transcriptomic and epigenomic datasets (Figures
S1-S4). It achieves the highest ARI, NMI, and ACC on
the Ma-1 dataset; the best ARI, second-best NMI, and
ACC on the Ma-2 dataset; moderate ARl and ACC, but
second-best NMI, on PBMC-1; and second-best ARI with
moderate ACC and NMI (scMOG = 0.74) on PBMC-2,
where the highest NMI (scMIC = 0.77) is only slightly
superior. Additionally, scMOG’s clustering visualizations

effectively separate most cells with minimal intercluster
mixing (Figures S1-S4), further demonstrating its
adaptability and strong performance in various biological
scenarios.

In summary, these experimental results confirm that
scMOG can effectively integrate transcriptomics and
epigenomics. Across multiple datasets, scMOG
consistently outperforms benchmark methods in terms
of cell type separation and information fusion.

2.3 | Effective integration of
transcriptomics and proteomics

To verify the effectiveness of scMOG in integrating
transcriptomic and proteomic data, we conducted ex-
periments on three datasets derived from different
species and tissues, including samples from both mice
and humans. Because DCCA [26] and Cobolt [25] are
not applicable for integrating transcriptomics and pro-
teomics, we compared scMOG with seven other
methods: scMDC [41], scMIC [27], totalVI [24], PCA,
scGAE [42], SIMBA [31], and scDRMAE [29].

Figure 3A presents the UMAP visualization of cell
embeddings obtained using different algorithms on the
Spector dataset, which consists of 16 cell types. As
shown in the figure, scMOG effectively integrates pro-
teomics and transcriptomics. Compared to benchmark
methods, scMOG demonstrates superior cell type
separation, revealing a clearer structural distinction
between cell populations. Notably, scMOG achieves a
more distinct separation between cell type 4 and cell
type 5. The scRNA-seq analysis tool scGAE struggles
to effectively distinguish different cell types in the
Spector dataset.

The evaluation metrics shown in Figure 3B further
highlight the advantages of scMOG. Compared to other
methods, scMOG achieves the best performance
across all three metrics: ACC (scMOG = 0.69), NMI
(scMOG = 0.71), and ARI (scMOG = 0.58), indicating
its effectiveness in integrating multi-omics data.
Although scDRMAE achieves similar performance
(ACC = 0.68, NMI = 0.70, ARI = 0.56), the gap be-
tween scMOG and the third-ranked method is signifi-
cantly larger (totalVI-ACC = 0.64, scMDC/scMIC-
NMI = 0.69, scMDC-ARI = 0.51).

Beyond the Spector dataset, scMOG also demon-
strates strong cross-omics integration capabilities in
two mouse spleen and lymph node datasets. As shown
in Figures S5 and S6, scMOG effectively captures
cross-omics information in these datasets, achieving
the highest ACC, NMI, and ARI scores. In addition, we
provide an omics-labeled UMAP in Figure S7, both of
which show that scMOG produces more intermixed
cross-omics distributions compared with the original
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FIGURE 2 Comprehensive comparison of different algorithms on the Chen dataset. (A) UMAP visualization of cell embeddings obtained
by different algorithms, with colors indicating the ground-truth cell types. (B) Comparison of ACC, NMI, and ARI scores computed by different
algorithms on the Chen dataset. ACC, accuracy; ARI, adjusted Rand index; NMI, normalized mutual information; UMAP, uniform manifold

approximation and projection.

embeddings. These results further confirm scMOG’s
robust capability in aligning transcriptomic and prote-
omic data.

2.4 | Preserving regulatory
relationships between genes and
chromatin regions

Transcriptional enhancers act as distal DNA regulatory
elements and play a crucial role in gene expression
regulation [43, 44]. scMOG employs encoders based
on LightGCN, which not only learn the cell embeddings
of both omics (E¢, and E.,) but also capture the feature
embeddings (E;, and Ey). We compared scMOG
with SIMBA, which also learns embeddings for both
cells and features, to evaluate their ability to preserve

regulatory relationships between genes and chromatin
regions (also referred to as “peaks”). The evaluation of
gene—peak associations relies on genomic annotations
and the construction of the input graph based on
proximity, so the MSE metric mainly reflects the
model’s ability to preserve these prior-informed asso-
ciations. We preprocessed the gene expression and
chromatin accessibility matrices and performed com-
parisons accordingly. Specifically, PCA50 represents
the retention of 50 principal components after PCA
preprocessing, whereas PCA64 retains 64 principal
components, corresponding to the dimensionalities of
low-dimensional embeddings learned by SIMBA and
scMOG, respectively. By computing the gene—peak
similarity matrix (see Note S2 and Section 4.2 for de-
tails) and comparing it with the gene—peak association
matrix derived from genomic annotations, we assessed
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FIGURE 3 Comprehensive comparison of different algorithms on the human PBMC dataset. (A) UMAP visualization of cell embeddings
obtained by different algorithms, with colors indicating the ground-truth cell types. (B) Comparison of ACC, NMI, and ARI scores computed by
different algorithms on the human PBMC dataset. ACC, accuracy; ARI, adjusted Rand index; NMI, normalized mutual information; UMAP,

uniform manifold approximation and projection.

the performance of different methods in preserving
gene—peak correlations. Higher gene—peak similarity
values indicate a higher confidence level in the pres-
ence of true regulatory relationships.

To quantitatively evaluate similarity, we adopted
MSE as the evaluation metric. A lower MSE between
the computed gene—peak similarity matrix and the
ground-truth gene—peak association matrix indicates
better performance in maintaining true gene—peak re-
lationships. We conducted experiments on five multi-
omics datasets containing epigenomic data, and the
MSE results are presented in Figure 4A and Figure S8.
The results show that scMOG achieves a lower MSE
compared to direct preprocessing. Although its MSE is
slightly higher than SIMBA on the PBMC-1 and PBMC-
2 datasets, scMOG outperforms SIMBA on the other
three datasets by achieving lower MSE values. This
suggests that scMOG learns biologically meaningful
gene and peak embeddings and has an advantage in
inferring regulatory relationships.

By comparing MSE values, this experiment further
verifies scMOG’s superiority in preserving gene—peak
regulatory relationships and highlights its effective-
ness in integrative analysis.

2.5 | Preserving similarity between
protein pairs

Intracellular signaling responses and protein regulatory
mechanisms are critical for biological research and
clinical applications. Accurately predicting protein—
protein interactions (PPls) helps reveal fundamental
biological functions [45]. Protein interactions often rely
on structural similarity or functional relevance between
proteins [46]. Therefore, computing protein similarity
can serve as an indirect approach to infer potential in-
teractions. Because scMOG can obtain protein em-
beddings when processing multi-omics datasets that
include proteomics, we leverage these embeddings to
identify interacting protein pairs.

Specifically, we first preprocess protein names to
ensure consistency between experimental data and the
real protein names recorded in the STRING database.
To ensure a fair comparison, we take the intersection of
proteins retained after preprocessing across all
methods. Then, based on the filtered protein embed-
dings, we construct all possible protein pairs and
compute the similarity between each pair. By sorting
these similarity values in descending order, we focus on
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FIGURE 4 Comprehensive comparison of different methods for preserving transcriptional regulatory and protein—protein interaction
information. (A) Mean squared error (MSE) values calculated using different methods on the Ma-1, Ma-2, and Chen datasets. (B) Accuracy
values calculated using different methods on the SLN208-1, SLN208-2, and Spector datasets. Missing values indicate that the corresponding

method could not compute the respective metric.

the top 2% of high-similarity protein pairs. These highly
similar protein pairs are then compared with known in-
teractions in the STRING database to evaluate the
predictive performance of different feature embeddings.

We performed experiments on three multi-omics
datasets containing proteomics and compared scMOG
with SIMBA, PCA50, and PCA64. By identifying the top
2% of high-similarity protein pairs and comparing them
against known interacting pairs in the STRING data-
base, we evaluated the predictive power of the learned
embeddings. On the Spector dataset, scMOG suc-
cessfully identified interacting protein pairs that SIMBA
failed to detect, such as CD28, SELL. Further investi-
gation in the STRING database revealed that both
CD28 and SELL are associated with the KEGG
pathway HSA04514 (cell adhesion molecules). Simi-
larly, on the SLNZ208-1 dataset, scMOG identified
interacting protein pairs such as ITGAL and TNFRSF9,
which SIMBA failed to detect. Further analysis showed
that this protein pair is significantly associated with
biological phenotypes in the Mammalian Phenotype
Ontology (Monarch). On the SLN208-2 dataset,
scMOG identified (Ccr4, Ms4a1) as an interacting pro-
tein pair, which SIMBA did not detect. According to the
STRING database, this pair is enriched in the MMU-
202733 pathway, which is related to cell surface in-
teractions at the vascular wall. Regarding performance
metrics, Figure 4B shows that scMOG achieved a
higher accuracy score than SIMBA on the Spector and
SLN208-1 datasets, whereas its accuracy score on the
SLN208-2 dataset was comparable to SIMBA's, further
confirming the biological relevance of the protein em-
beddings learned by scMOG.

Through this experiment, we verified that scMOG
effectively captures protein—protein interactions,
demonstrating its advantage in multi-omics data
integration.

2.6 | Differential expression analysis

We identified differentially expressed genes (DEGs) for
each cell cluster using the nonparametric Wilcoxon
rank-sum test. These genes can serve as marker genes
for specific cell types. We selected the top three DEGs
from each cluster and visualized their expression pat-
terns. The bubble plot in Figure S9A illustrates the
expression levels of DEGs identified from the PBMC-2
dataset across different clusters. The size of each
bubble represents the proportion of cells in a given
cluster expressing the gene, whereas the color in-
dicates the average expression level within the cluster.
We analyzed the identified DEGs using the CellMarker
database [47] and found that the cell clusters predicted
by scMOG preserved true differential expression pat-
terns, aiding in cell type annotation. For example,
GNLY and NKG?7, identified as DEGs in Cluster 8, are
well-known marker genes for natural killer cells. In
Cluster 2, LEF1, FHIT, and CAMK4 are marker genes
for naive CD8" T cells, whereas TCF7L2 and PSAP,
identified in Cluster 7, are marker genes for CD1C-
CD141-dendritic cells. Although some genes did not
match the known DEGs in the CellMarker database,
visualization revealed that certain genes were
highly expressed in specific clusters. As shown in
Figure S9B, A2M, BANK1, and RALGPS2 exhibited
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strong expression in particular cell clusters, suggesting
their potential role as novel marker genes. The identi-
fication of these DEGs provides important insights into
the heterogeneity of cell populations and their potential
gene regulatory mechanisms.

2.7 | Ablation study and
hyperparameter analysis

To evaluate the contributions of different modules in
scMOG, we conducted an ablation study, which
included replacing the encoder with an MLP, removing
the contrastive learning module, and removing the
omics alignment module. In the experiment where the
encoder was replaced with an MLP, we kept all other
parameters and network structures unchanged,
ensuring that the encoders remained a two-layer
network. When ablating the contrastive learning mod-
ule and omics alignment module, we removed the
corresponding loss terms from the loss function while
keeping the model architecture unchanged. We con-
ducted experiments on eight multi-omics datasets used
in this study and visualized the evaluation metrics as
boxplots (Figure 5). The results demonstrate that the
complete scMOG model achieves the best perfor-
mance in ARI, NMI, and ACC, verifying the importance
of the encoder, contrastive learning module, and omics
alignment module in data integration. As shown in
Figure 5A, when the encoder was replaced with an
MLP, the performance of scMOG dropped significantly,
confirming that the designed LightGCN-based encoder
contributes to the model’s superiority.

To assess the performance of scMOG under
different hyperparameter settings, we conducted ex-
periments on the eight datasets. First, for each dataset,
we fixed the omics alignment module loss ratio and
clustering resolution, kept all other hyperparameters
unchanged, and tested different contrastive learning
loss ratios. The results, shown in Figure S10A, indicate
that the default setting of scMOG (cl_ratio = 1) ach-
ieves the highest ACC, NMI, and ARI. Next, for each
dataset, we selected the optimal contrastive learning
loss ratio from the previous step, kept all other hyper-
parameters unchanged, and tested different omics
alignment module loss ratios. As shown in Figure S10B,
the default scMOG setting (alignment_ratio = 1)
consistently achieved the highest average ACC, NMI,
and ARI across all eight datasets. Finally, using the
optimal contrastive learning loss ratio and omics
alignment module loss ratio obtained in the previous
steps while keeping other hyperparameters fixed, we
tested various Louvain clustering resolutions. The re-
sults shown in Figure S10C indicate that under the
default setting (resolution = 0.6), scMOG consistently

achieved the highest average ACC, NMI, and ARI
across all eight datasets.

In conclusion, the ablation study results highlight
that the combination of the LightGCN-based encoder,
omics alignment module, and contrastive learning
module is crucial for the superior performance of
scMOG in multi-omics data integration. The hyper-
parameter analysis further demonstrates that scMOG
performs optimally under its default hyperparameter
settings, validating the model’s robustness and stability.

2.8 |
usage

Computation time and memory

We compared the runtime and memory consumption of
scMOG with nine other methods on eight real datasets.
These datasets include cell type annotations from
mouse and human, specifically, Ma-1, Ma-2, PBMC-1,
PBMC-2, Chen, Spector, SLN208-1, and SLN208-2
(Table 1). The datasets vary in size and complexity,
with the number of cells ranging from 3000 to over
10,000.

Across datasets of varying scales, scMOG demon-
strates efficiency by generally ranking in the mid-to-
lower range in terms of computation time compared to
other methods. Notably, when processing the Mouse
Skin 1 and Mouse Skin 2 datasets, scMOG required
significantly less computation time than several other
methods, such as scGAE and DCCA, indicating its
computational efficiency on these datasets. For larger
datasets such as human PBMC 10K and human
PBMC, the computation time of scMOG increased
slightly but remained at a moderate level, without
experiencing a sharp rise. This further confirms that
scMOG can efficiently handle large-scale datasets
while avoiding excessive computational overhead.

Regarding memory usage, scMOG has a relatively
high peak memory consumption, but it remains within
the same order of magnitude as other deep learning-
based methods. On larger datasets such as human
PBMC 10K and human PBMC, the memory consump-
tion of scMOG increases, which aligns with the char-
acteristics of large-scale data processing. Although
scMOG ranks as the second highest in memory usage,
it still consumes less memory than scDRMAE, another
deep learning-based method. Despite its higher mem-
ory usage, scMOG remains within an acceptable range,
and for most datasets, its memory consumption is
reasonable compared to other methods. For cases with
limited computing resources, we recommend training
scMOG on smaller subgraphs, which can effectively
reduce memory overhead and accelerate training,
optimizing memory usage while maintaining high
performance.
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FIGURE 5 Box plots of ablation experiments and line plots of computation time and memory usage. (A) Box plots illustrating the results of
ablation experiments. Each box plot represents a specific evaluation metric, where the blue box corresponds to the removal of the contrastive
learning module, the orange box to the removal of the omics alignment module, the green box to replacing the encoder with an MLP, and the
red box to the complete version of scMOG with all modules included. Each box contains metric values computed from the eight datasets used
in this study. (B) Line plots of computation time and memory usage. The left plot shows the computation time of scMOG and comparison
algorithms across the eight datasets, whereas the right plot illustrates their memory consumption. ACC, accuracy; ARI, adjusted Rand index;

NMI, normalized mutual information.

Overall, scMOG achieves a balance between
computation time and memory efficiency, demonstrating
high efficiency and stability when processing large-scale
multi-omics datasets. Although its memory consumption
is relatively high, its computational efficiency and scal-
ability make it a viable option, especially for studies that
require high integration performance.

3 | DISCUSSION AND CONCLUSION

This study proposes scMOG, a method based on a
heterogeneous GNN architecture that integrates cross-
modal information between cell nodes and molecular
feature nodes to accurately depict the cellular hetero-
geneity landscape of paired omics samples (tran-
scriptomics and epigenomics, transcriptomics and
proteomics). scMOG models the complex relationships
between omics layers while preserving biologically
meaningful low-dimensional representations within an
autoencoder framework. It incorporates a contrastive
learning module and an omics alignment module,
effectively capturing shared patterns across omics

layers while maintaining layer-specific features. Unlike
conventional methods that simply generate integrated
cell representations, scMOG enables bidirectional
guidance between omics, allowing it to perceive cor-
relations between features. Experimental results
demonstrate that scMOG exhibits significant advan-
tages not only in cell clustering and visualization but
also in capturing intrinsic cross-omics regulatory and
feature correlations, providing a robust framework for
identifying potential marker genes and supporting deep
biological insight.

First, from an overall architectural perspective,
scMOG constructs a heterogeneous graph between
cells and features, explicitly modeling the potential in-
teractions across different omics layers. Traditional
methods often rely on techniques such as matrix
factorization or manifold alignment, which struggle to
balance the heterogeneity and complementarity of
multi-omics data. In contrast, scMOG employs a GNN
encoder (Figure 1B) to capture the topological re-
lationships between cells and molecular features. By
leveraging multilayer convolutions and weighted sum-
mation, scMOG effectively prevents oversmoothing,
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leading to more discriminative low-dimensional em-
beddings. Second, the model addresses data sparsity
by incorporating the Hadamard product with the ZINB
decoders. The ZINB loss function constrains the
reconstructed results to maintain a high degree of
consistency with the true data distribution. Additionally,
scMOG incorporates a contrastive learning module with
a triplet loss function to pull similar cells closer together
in the low-dimensional space while pushing dissimilar
cells apart. Experimental results (Figure 5A) show that
this contrastive learning mechanism significantly im-
proves the model’s performance. Furthermore, scMOG
employs an omics alignment module that adaptively
strengthens shared cross-omics structure, ensuring
that the features in the shared space faithfully represent
the intrinsic commonalities of cells.

Experimental results on eight real datasets further
validate the superiority of scMOG. When integrating
transcriptomics and epigenomics, scMOG effectively
separates different cell types with clear boundaries. In
addition, clustering performance metrics indicate that
scMOG outperforms existing methods such as PCA,
scGAE, and DCCA on most datasets. In the task of
integrating transcriptomics and proteomics, scMOG
also demonstrates outstanding performance. Further
analysis of protein embeddings reveals that scMOG
successfully identifies key interacting protein pairs
known in the STRING database, providing crucial
support for subsequent cellular signaling pathway
analysis and molecular mechanism studies. Further-
more, to comprehensively evaluate the contribution of
each module to the overall performance of scMOG, we
conducted detailed ablation studies (Figure 5A). In
these experiments, we replaced the encoder with a
simple MLP, removed the contrastive learning module,
and removed the omics alignment module, each lead-
ing to a significant decline in performance. These re-
sults indicate that the LightGCN-based encoders play a
key role in capturing the topological relationships be-
tween cells and features. Additionally, both the
contrastive learning module and the omics alignment
module are essential for enhancing model robustness
and optimizing low-dimensional embeddings. With the
synergistic interaction of these modules, scMOG ach-
ieves efficient information fusion, providing a more
reliable foundation for biological function discovery.

Although scMOG demonstrates strong integration
capabilities in experiments, there are still several limi-
tations that require further improvement. First, scMOG
is specifically designed for cell-by-cell paired multi-
omics data because the omics alignment module relies
on cell-level correspondence to calculate cross-omics
similarity. However, truly paired single-cell multi-omics
datasets remain relatively scarce, costly, and techni-
cally challenging to obtain. This limits the direct appli-
cability of scMOG to a broader range of single-cell

studies. In future work, we plan to explore possible
extensions of scMOG to unmatched datasets, for
example, by incorporating MNN matching strategies to
approximate cross-omics cell correspondence. Such
adaptation may expand scMOG’s applicability to more
realistic experimental settings. Second, when handling
large-scale single-cell datasets, scMOG exhibits high
memory consumption (Figure 5B), which may pose
challenges in resource-limited computational environ-
ments. To address this, future work could explore
subgraph sampling, sparse matrix computation, and
other techniques to reduce memory usage and improve
computational efficiency. Third, although scMOG works
well for transcriptomic, epigenomic, and proteomic
integration, its generalizability to other omics layers
remains to be tested. In future work, we will extend
scMOG and explore the use of decoders tailored to
each modality to maintain effective information fusion in
more complex scenarios.

4 | MATERIALS AND METHODS

In this section, we will provide a detailed description of
the fundamental architecture of scMOG, including data
preprocessing, the graph autoencoder, the contrastive
learning module, and the omics alignment module.
Additionally, we will explain the experimental setup.

4.1 | Data preprocessing

We use the Scanpy package [40] to preprocess multi-
omics data. For gene expression data, we first filter out
low-quality genes expressed in fewer than three cells.
Next, we normalize the data based on the library size of
each cell, followed by a logarithmic transformation.
Finally, we select the top 3000 highly variable genes as
input. For chromatin accessibility data, scMOG adopts
the latent semantic indexing (LSI) algorithm [48, 49] for
preprocessing. Similarly, we select the top 3000 highly
variable chromatin regions as input. To construct pos-
itive sample pairs required for contrastive learning, we
apply PCA for dimensionality reduction on gene
expression data and use the “LSI” function for dimen-
sionality reduction on chromatin accessibility data. The
preprocessing steps for the benchmark methods are
detailed in Table S3.

4.2 | Graph construction

To represent the relationships between cells and fea-
tures in different omics, scMOG uses a GNN as the
encoder. Based on the preprocessed data matrices X;
and X;, a bipartite graph is constructed as follows:
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Gi = (Cj, Fi,A), i = 1,2, where C; represents the set
of cells in the i-th omics, F; represents the set of fea-
tures (genes, chromatin regions, or proteins) in the i-th
omics, and A; represents the adjacency matrix of the
i-th omics. For the i-th omics, its adjacency matrix is
constructed as follows:

o, R
A,-:< ; ) 0
Ri 02

where O ¢ R™" and 0, € R™™ are zero matrices.
The matrix R; = [rj’.k} € R™™ captures the relationships
between cells and features, defined as follows:

i 17

In summary, for each omics layer, we construct a
distinct  heterogeneous  graph, denoted as
G = {Gj|i = 1,2}, where nodes represent cells and
features, and edges represent relationships between
them.

For the case of integrating gene expression and
chromatin accessibility data, scMOG follows the single-
cell multi-omics integration method SIMBA [31], con-

otherwise.

(2)

structing the adjacency matrix Af = [aﬂ € R™M*™M pe-

tween genes and peaks. Based on gene annotations for
humans (hg38) and mice (mm10), if a peak region
overlaps with a gene body or is located within 5 kb
upstream of a gene body, the peak region is considered
a potential regulatory element of gene expression. The

adjacency matrix is then defined as follows:
af — { 1, if gene iis neighboring to peak j,

U 0, otherwise.

(3)

4.3 | Graph encoder

Assume that we have obtained heterogeneous graphs
for two omics layers and use a GNN to extract cell and
feature representations from the graphs. First, we
initialize the embeddings for ceIIj and feature k in the

i-th omics as e<0 € R? and e ke RY, respectlvely To

improve clarity in the workflow we use e for the initial

embedding of genes and e for the |n|t|al embedding
of peaks. The initial embeddlngs are updated through
network training. The convolution at layer / is computed
as follows:

if the value of feature k in cell j is non—zero,

= Aggregate{e’ PULES Nw}
_ ;eg’;;),i —1,2. (4
keNg,; |Nc;.j||Nfi7k|

Similarly, feature embeddings are updated as
follows:

el = Aggregate{eé1 D.el Vlie Ny, wje N, k}
1 (5)
= Z C1’ + Z fz,/ ’
iEN, k |Nf17k||NC1 ’| /EN )

e(flz),k = A99regate{e(cz, e fI1_J1)|i €Nt f € N;’2=k}
1 el </ P (6)
- S e s

iENfZ.k |Nf2,kHNCQI‘ jEN )

where | = 1,2,---,L, and L denotes the total number of
convolutional layers. N, ; represents the set of neigh-
boring features for cell j in the i-th omics, Ny, repre-
sents the set of neighboring cells for feature k in the i-th
omics, and ka represents the set of neighboring
features for feature k in the i-th omics.

By applying L layers of convolution, we obtain L + 1
sets of low-dimensional embeddings for both cells and
features in each omics. To mitigate oversmoothing
caused by convolution and enhance the encoder’s
ability to extract information, we apply a weighted
summation to these embeddings to obtain the final
embeddings. The computation is formulated as follows:

L
N
€cj = Z WE?:') eE:,-).j7 (7)
1=0

efkuW

where e ; denotes the final embedding of cell j, and

e (8)

e, x denotes the final embedding of feature k. w.’ and
WS!I_) are learnable parameters of the network. Impor-
tantly, the embeddings of cells and features are not
learned independently. Both e;; and ey, are jointly

optimized within the same GNN encoder and under the
same training objectives.

4.4 | Decoder

To enhance the encoding capability of the encoder and
retain more biological information in the low-
dimensional embeddings, scMOG adopts the ZINB
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decoder to.rec_:onlstruc_:t the heterogeneous graph G. b= Z maX(IIec,-,a—ec,,pllz—IIec,-,a—ec,-,nllz+m,O),
The ZINB distribution is formulated as follows: (aipisni) €S

(12)

ZINB(x; u,0,7) = n6(x) + (1 —z)NB(x; 1,0),  (9)
where u, 0, = are three parameters of the ZINB distri-
bution, representing the mean, dispersion, and zero-
inflation factor, respectively. 6(x) denotes the Dirac
delta function, and NB(x; u, 0) represents the probability
mass function of the NB distribution, given by the
following equation:

- r(leﬁ)(;((ii)n (9_?_”)3 (Jﬂ)x. (10)

The ZINB decoder used in scMOG incorporates the
idea of NMF. For each omics layer, the Hadamard
product is first applied to cell embeddings and feature
embeddings, as shown in Equation (11). Then, three
fully connected networks are used to estimate the three
parameters u, 0,z of the ZINB distribution, as formu-
lated in Equation (11):

NB(x; u, 0)

e}k = €5, O €k,
Hy = exp (sigmoid (WLejk + b;) X si() x I,
O = softplus((W{;,e}k - bg) X s}'(),

iy = sigmoid (W’ o+ b )

(11)

where s} and I’ represent scaling factors. The learnable
weight matrices are given by W/ € R™? W e R™,
and W, € R™“. Additionally, b, € R, b e R, and b eR
are Iearnable biases.

4.5 | Contrastive learning module

To facilitate the integration of multi-omics data while
preserving the unique characteristics of each omics,
scMOG employs contrastive learning to extract low-
dimensional embeddings of both cells and features.
Specifically, after preprocessing, the data matrices X
and X, are reduced using PCA and “LSI” functions,
respectively. In the processed space, the KD-tree al-
gorithm [50] is utilized to find k-nearest neighbors for
each omics. If, in the i-th omics, cell a and cell p are
k-nearest neighbors, they form an MNN pair (a;, p;). All
MNN pairs within each omics constitute the set of
positive samples. For each MNN pair, a random cell is
selected as a negative sample, forming a triplet set
Si = {(ai,p;,ni)}. The contrastive learning module
employs a triplet loss function, formulated as follows:

where m is a hyperparameter. If the distance between
the anchor and the positive sample, plus a margin m,
exceeds the distance between the anchor and the
negative sample, the loss becomes non-zero. By opti-
mizing this loss function, the model learns to pull similar
cells closer in the embedding space while pushing apart
dissimilar ones.

4.6 | Omics alignment module

The autoencoder structures for each omics described
above operate in parallel and require module connec-
tions. Although different omics provide complementary
biological information, representations derived from
separate omics layers for the same cells should remain
consistent in the shared embedding space. To enhance
cross-omics coherence and ensure that matched cells
are aligned in the latent space, scMOG introduces an
omics alignment loss, formulated as follows:

Es, - EL
S e S || (13)
IEc, ll2-1|Exc, 2

Lalignment =

where | € R™ represents an identity matrix with diag-
onal elements of 1 and all other elements being 0. E,
and E;, denote the cell representations of tran-
scriptomic data and epigenomic data, respectively.

4.7 | Loss function

To reduce memory consumption during training, the
heterogeneous graph G;(i = 1,2) of each omics is
sampled by preserving 10% of the edges that exist
and do not exist between cell and feature nodes.
These sampled edges serve as inputs to the ZINB
decoder. scMOG employs a collaborative graph
autoencoder for each omics, training the network by
minimizing the negative log-likelihood function. The
reconstruction loss for the i-th omics is formulated as
follows:

Zmsz( Xiltes O i), (14)

J.k

i
LZINB -

and the overall reconstruction loss is given by the
following equation:
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2
L= Zleva (15)
i=1

where x}k represents the observed count value of the
k-th feature in the j-th cell of the i-th omics, and N de-
notes the total number of sampled edges.

To reduce overfitting, scMOG introduces a regulari-
zation term L4 to constrain the initialization of cell em-
beddings and feature embeddings. The regularization
term for the i-th omics is defined in Equation (16), and the
total regularization loss is given in Equation (17):

0) 2 0),,2
CIED + IEP

i
Lieg = Snim) (16)
2 .
Lreg = Z L’re97 (17)
i=1

© and ESf_” denote the initial embeddings of

cells and features in the i-th omics, respectively, and
|| - ||z represents the Frobenius norm.

The total loss of the contrastive learning module is
defined in Equation (18). Thus, the overall loss function
of scMOG is formulated as Equation (19):

where E!

2
Lo = ZL'CL, (18)
p

L = Lzing + alcL + BLaignment + ¥Llregs (19)

where «a, 8, and y are hyperparameters used to balance
different loss terms.

4.8 | Implementation details

We implement scMOG using PyTorch 1.13.1 in the
Python 3.9.17 environment, and all experiments are
conducted on the Linux system. scMOG can simulta-
neously take as input transcriptomics and epigenomics
or transcriptomics and proteomics. During data pre-
processing, the number of highly variable features is set
to 3000. The encoding layers of the autoencoder are
configured as (3000, 64, 64), and the shared space
dimension is set to 64. The ZINB decoder first applies
Hadamard product operations, reducing the feature
dimension from 64 to 1. The transcriptomic data finds
k-nearest neighbors in PCA space, with the PCA
dimension set to 50 and the number of k-nearest
neighbors set to 20. Contrastive learning selects 10%
of MNN pairs in each iteration to calculate the
contrastive loss, with the hyperparameter m for
contrastive loss set to 2. The total loss is balanced by
the hyperparameters «, f, and y, where both a and g
are setto 1, and y is set to 0.0001. The Adam optimizer
[51] is used for training, with a learning rate of 0.1. We

use the Louvain [52] algorithm for clustering. When the
input includes transcriptomics and epigenomics, the
resolution is set to 0.6; otherwise, the resolution is set
to 1.0. All contrastive calculations follow the
implementations in the corresponding cited papers,
with hyperparameters set according to their default
configurations. Because scMOG consistently performs
well across different datasets under default settings,
we recommend that users execute scMOG with the
default parameters.

4.9 | Data sources

This study utilizes eight real datasets with cell type
annotations, derived from mice or humans, which
can be downloaded via GSM numbers or from 10x
Genomics. Specifically, datasets Ma-1 and Ma-2 were
provided by Ma et al. [53]. The datasets PBMC-1 [31],
PBMC-2 [54], and Spector [41] were all sourced from
10x Genomics. The dataset Chen originates from the
mouse epidermis data provided by Chen et al. [55].
Additionally, datasets SLN208-1 and SLN208-2 were
provided by Gayoso et al. [24].
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