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Abstract

Unsupervised cell type identification is crucial for uncover-
ing and characterizing heterogeneous populations in single
cell omics studies. Although a range of clustering methods
have been developed, most focus exclusively on intrinsic cel-
lular structure and ignore the pivotal role of cell-gene asso-
ciations, which limits their ability to distinguish closely re-
lated cell types. To this end, we propose a Refinement Con-
trastive Learning framework (scRCL) that explicitly incor-
porates cell-gene interactions to derive more informative rep-
resentations. Specifically, we introduce two contrastive dis-
tribution alignment components that reveal reliable intrinsic
cellular structures by effectively exploiting cell-cell structural
relationships. Additionally, we develop a refinement module
that integrates gene-correlation structure learning to enhance
cell embeddings by capturing underlying cell-gene associa-
tions. This module strengthens connections between cells and
their associated genes, refining the representation learning to
exploiting biologically meaningful relationships. Extensive
experiments on several single-cell RNA sequencing and spa-
tial transcriptomics benchmark datasets demonstrate that our
method consistently outperforms state-of-the-art baselines in
cell-type identification accuracy. Moreover, downstream bio-
logical analyses confirm that the recovered cell populations
exhibit coherent gene-expression signatures, further validat-
ing the biological relevance of our approach.

Introduction

Advances in single-cell technologies have enabled high-
resolution characterization of gene expression profiles at
the individual cell level. These technologies enable detailed
analysis of cellular heterogeneity and have been widely ap-
plied in various fields, including the construction of organ-
ismal cell atlases (Klein et al. 2015; Zheng et al. 2017),
developmental biology (Guo et al. 2019), and clinical re-
search(Guo et al. 2020; Wilk et al. 2020). Unsupervised cell-
type identification is essential for uncovering and charac-
terizing heterogeneous cell populations in single-cell omics
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Figure 1: Illustration of our method. Blue lines indicates the
contrastive learning component for capturing intrinsic cel-
lular structure using the cell graph. The purple lines rep-
resent gene correlation learning module, which refines the
contrastive process by modeling cell-gene associations.

analysis. It provides critical insights into a range of biolog-
ical processes, such as cellular differentiation, lineage trac-
ing, and tumor microenvironment characterization.

To this end, various clustering methods have been de-
veloped to facilitate cell-type identification (Wan, Chen,
and Deng 2022; Ye et al. 2025; Yang et al. 2025). For
example, scDeepCluster (Tian et al. 2019) integrates deep
count autoencoder (Eraslan et al. 2019) with the deep em-
bedded clustering (Xie, Girshick, and Farhadi 2016) for
cell-type identification from single-cell RNA sequencing
(scRNA-seq) data, while scziDesk (Chen et al. 2020) ap-
plies weighted soft K-means to denoise latent features. Re-
cently, scDFC (Hu et al. 2023) leverages graph attention
(GAT) to incorporate cell-cell relationships, enhancing ro-
bustness against noise. Moreover, for spatial transcriptomics
data, which includes spatial context from tissue, several ap-
proaches(Hu et al. 2021; Dong and Zhang 2022; Wei et al.
2025) have been proposed that incorporate structural learn-
ing to model spatial relationships. These methods aim to im-
prove the accuracy of cell-type identification by leveraging
spatial information inherent to the tissue architecture. For in-
stance, GraphST (Long et al. 2023) integrates graph neural
networks with contrastive learning to learn spatial proxim-
ity relationships and discriminative representations for spa-



tial clustering. While STAIG (Yang et al. 2025) incorpo-
rates gene expression, spatial context, and histological infor-
mation to dynamically adjust the graph structure under the
guidance of tissue images, thereby enabling more effective
representation learning.

However, most existing cell-type identification meth-
ods focus exclusively on capturing intrinsic cellular struc-
ture, often overlooking the underlying cell-gene interactions.
From a biological perspective, genes interact through reg-
ulatory pathways, and distinct cell types are characterized
by specific sets of marker genes. These relationships sug-
gest that the intrinsic structures of both cells and genes are
tightly coupled, jointly shaping the overall cell-gene asso-
ciations. Effectively modeling these associations is essential
for accurately distinguishing cell types and uncovering their
underlying biological functions.

To address this, we propose a Refinement Contrastive
Learning framework (scRCL.) that explicitly incorporates
cell-gene interactions to learn more informative and bio-
logically meaningful representations. Specifically, we intro-
duce a contrastive distribution alignment module that lever-
ages topological tissue information to uncover reliable in-
trinsic cellular structures, alongside a gene-correlation struc-
ture learning module designed to capture gene-gene relation-
ships. More importantly, as illustrated in Figure 1, we further
develop a refinement module that leverages both gene-gene
correlation structures and intrinsic cellular structures to ef-
fectively model the underlying cell-gene associations. This
module reinforces the coupling between cells and their as-
sociated genes, thereby refining the learned representations
to emphasize biologically relevant patterns.

The main contributions of this study can be summarized
as follows: 1) We develop a novel contrastive distribution
alignment module that effectively leverages topological in-
formation to uncover reliable intrinsic cellular structures.
This module is broadly applicable to various types of single-
cell omics data, including scRNA-seq and spatial transcrip-
tomics data. 2) Instead of treating cells and genes indepen-
dently, the proposed refinement module jointly models their
interactions, allowing for the identification of underlying
cell-gene associations across coherent cellular populations.
3) Extensive experiments on diverse scRNA-seq and spa-
tial transcriptomics datasets validate the effectiveness of our
method. Additionally, a series of biological analyses confirm
that the identified cell populations exhibit coherent gene-
expression patterns, demonstrating the biological relevance
of our approach.

Related Work

In this section, we review unsupervised cell-type identifi-
cation methods developed for both scRNA-seq and spatial
transcriptomics data, highlighting their underlying princi-
ples and key differences from the proposed approach.

scRNA-seq Cell Type Identification. scRNA-seq enables
transcriptome-wide gene expression profiling at single-cell
resolution, facilitating the investigation of cellular hetero-
geneity in complex tissues. A wide range of computational
methods have been proposed for unsupervised cell-type

909

identification from scRNA-seq data. Traditional approaches
such as PCA-based clustering (Zurauskiené¢ and Yau 2016)
and CIDR (Lin, Troup, and Ho 2017) operate on dimen-
sionally reduced gene expression profiles or pairwise cell
similarity matrices. In addition, deep learning-based meth-
ods have gained popularity due to their ability to capture
complex, nonlinear relationships within high-dimensional
single-cell data and to learn robust low-dimensional repre-
sentations that facilitate more accurate cell clustering. For
example, DCA (Eraslan et al. 2019) models gene expres-
sion with a zero-inflated negative binomial (ZINB) distribu-
tion for denoising and representation learning. scDeepClus-
ter (Tian et al. 2019) combines DCA with DEC (Xie, Gir-
shick, and Farhadi 2016) for joint optimization. sScNAME
(Wan, Chen, and Deng 2022) and scDCCA (Wang et al.
2023b) adopt contrastive learning to enhance pairwise cell
proximity modeling. Recently, GNN-based methods (Wang
et al. 2021; Luo et al. 2021) have emerged to more effec-
tively capture cell-cell interactions by leveraging the un-
derlying graph structure of single-cell data. For instance,
scDSC (Gan et al. 2022) adopts a mutual supervised strat-
egy to unify a ZINB model-based autoencoder and a GNN
module to guide the clustering task. While scDFC (Hu et al.
2023) utilizes GAT's to adaptively assign weights to neigh-
boring cells, thereby enhancing robustness to noise.

Domain Identification for Spatial Transcriptomics.
Spatial transcriptomics further extends the capabilities of
single-cell analysis by preserving the spatial context of gene
expression, offering valuable insights into tissue organiza-
tion. A key challenge in this domain lies in effectively inte-
grating spatial proximity information with gene expression
data to enhance the accuracy of spatial domain identifica-
tion. To address this, various methods have been proposed
(Dong and Zhang 2022; Zhu et al. 2024; Zhang, Liang, and
Wan 2024). For example, SpaGCN (Hu et al. 2021) and
DeepST (Xu et al. 2022) leverage graph neural networks
(GNNs) to jointly model gene expression profiles, spatial
coordinates, and even histology images, enabling more ac-
curate and biologically meaningful identification of spatial
domains. GraphST (Long et al. 2023) incorporates neighbor-
hood contrastive learning to minimize embedding distances
among neighboring samples, improving discriminative rep-
resentations. More recently, MAEST (Zhu et al. 2025) tack-
les the issue of high dropout rates by employing a graph
masked autoencoder, which effectively reconstructs gene
expression signals from sparse input. While STAIG (Yang
et al. 2025) dynamically adjusts graphs under the guidance
of histology images to perform graph contrastive learning.
However, most existing cell identification methods for
both scRNA-seq and spatial transcriptomics data overlook
the underlying cell-gene interactions, which are crucial for
understanding cellular function. Even though scGCOT (Yu
et al. 2024) employs GATs to jointly learn cell-cell and gene-
gene correlations for reconstructing the original gene ex-
pression matrix, it primarily focuses on expression recon-
struction and fails to capture discriminative cellular struc-
tures. Moreover, its applicability is limited to scRNA-seq
data, without consideration of spatial context. In contrast,
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Figure 2: Overview of the proposed scRCL. It extracts cell- and gene-level embeddings from gene expression data and graphs
via GNNs and MLPs. A refinement module with contrastive learning aligns these embeddings to obtain informative represen-
tations for downstream analyses, including marker gene detection, cell type identification, and spatial domain visualization.

our method explicitly incorporates cell-gene associations. It
leverages gene-informed refinement and contrastive learning
to enhance cell representation learning, which is generaliz-
able across scRNA-seq and spatial transcriptomics data.

Methodology

In this section, we present our method for cell-type identi-
fication, which leverages cell-gene associations to enhance
representation learning. An overview of the overall frame-
work is illustrated in Figure 2.

Preliminaries

Suppose we have a gene expression matrix X € RN*M,
where N and M are the number of cells and genes, as the
input feature. For spatial transcriptomics data, a cell graph
A € {0,1}*¥ can be constructed using spatial coordi-
nates via the k-nearest neighbors (KNN) algorithm. In the
case of scRNA-seq data, where spatial information is not
available, A can be estimated directly from the expression
matrix X using similarity metric. Meanwhile, to estimate the
initial correlation structure among genes, we consider the
transposed expression matrix X" € RMXN g5 gene sets,
where each row corresponds to a gene’s expression profile
across all cells. Based on this representation, a gene graph
G € {0,1}M*M can be estimated.

Heterogeneous Embedding Distribution Alignment

To learn reliable cell embeddings, we develop a contrastive
learning strategy based on the gene expression matrix X
and the cell graph A. Instead of relying on predefined data
augmentation or graph perturbation techniques, we adopt
a heterogeneous embedding approach (as shown in Fig. 4
left, which empirically outperforms configurations using ei-
ther two GCNs or two MLPs). Specifically, we utilize graph
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convolutional networks (GCNs) to encode X in conjunc-
tion with A, and employ traditional multi-layer perceptrons
(MLPs) to encode X independently. This design allows the
model to capture both graph-structured and feature-based
representations for effective contrastive learning. In detail,
given an MLPs encoder ¢ and a GCNs encoder ¢/, we derive
the latent embeddings E™and EY, respectively:

To enable effective semantic information sharing between
the heterogeneous embeddings E™ and EY, we introduce
an embedding distribution alignment strategy that aligns the
representations from both a global and a cell-level (local)
perspective. Formally, let p9'°*?/(E) € RV*9 denotes the
softmax-generated overall embedding distribution across the
entire cell population, where d is the latent dimension.

P11 P1d

pglobal — : (2)
PNa

Similarly, p°*"(E;) € R? denotes the probability distribu-
tion for individual cell ’s embedding after softmax, cap-
turing its local semantic features. To achieve bidirectional
alignment, we minimize the symmetric Kullback-Leibler
(SKL) divergence(Liang et al. 2021; Peng et al. 2025) be-
tween the respective distributions. Specifically, we align the
representations by minimizing:

ﬁHEA :SKL(pglobal (Em)’pglobal (Eg))+

PN1

a 1 1 3)
S SKL( ("), p (E2)),

i=1
where SKL(P, Q) = KL(P||Q) + KL(Q||P) measures the
symmetric divergence between two probability distributions



P and @ in a bidirectional manner. In our framework, this
metric is used to reduce the distributional discrepancy be-
tween the global embeddings p?9'°**!(E™) and p9'°**! (EY),
as well as between each cell-level embedding pair p°*! (E["")
and p“e”(Ef ). This strategy encourages the model to ex-
tract complementary and consistent semantic information
from both the structural view (captured by GCNs) and the
attribute view (captured by MLPs). Thus, by aligning fea-
ture distributions across these heterogeneous embeddings,
the model effectively mitigates inconsistencies arising from
their distinct inductive biases.

Cellular Neighborhood Distribution Contrastive
Alignment

Beyond global and cell counterpart alignment, cellular
graphs encode rich local neighborhood semantics: con-
nected cells may share similar gene expression profiles
(functional homology) or spatial proximity (structural conti-
guity), implying higher likelihood of shared biological iden-
tity compared to distant cells. Inspired by graph neighbor-
hood contrastive learning, we introduce a neighborhood dis-
tribution contrastive alignment technique to further capture
intra-class semantic consistency and enhance inter-class dis-
criminability. Specifically, for each anchor cell, we consider
the embedding pair from its two views (i.e., EI" and EY)
and those of its neighbors as positive pairs, while treating
embeddings from other cells as negative pairs. To promote
semantic coherence within neighborhoods and improve rep-
resentation separability, we minimize the SKL divergence
between embeddings of positive pairs while maximizing that
for negative pairs. This leads to the following objective:

|N|+1 (Rii + D0, en, Fik)

Lnpc = 4)
N; N- 123 1,571 f¥ij
where AV is the neighbor set within graph A, and x € RV*Y

is the instance-level pairwise cross-view SKL divergence
matrix, defined as:

kij = SKL(p™" (E"), p™ (EY)). (5)

Due to the non-negativity of SKL divergences, for arbitrary
distinct cells 7, j, we have x;; > 0. This neighborhood-
aware alignment encourages the model to learn shared se-
mantic signals within structural contexts, while maximizing
discriminative margins between unrelated cells. It serves as a
complementary supervision signal alongside global and cell
counterpart distribution alignment, facilitating more coher-
ent and semantically meaningful embedding spaces.

Cell-Gene Interaction-Aware Representation
Refinement

In biological systems, genes interact through regulatory
pathways, and distinct cell types are characterized by spe-
cific of marker gene sets. Unlike most prior approaches
that focus solely on learning representations from gene ex-
pression profiles to capture intrinsic cellular properties, our
method incorporates a dedicated module for refining cell
embeddings by leveraging cell-gene associations in addition
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to feature distribution alignment. Specifically, we introduce
a gene-informed refinement module that leverages gene-
level information structured by gene-gene co-expression. To
obtain informative gene representations, we employ a GCN-
based gene encoder (-) that takes transposed gene expres-

sion matrix (gene sets) X and gene graph G as inputs:
U=¢(X",G), (©)

where U denotes the latent embedding matrix of all genes,
capturing the underlying gene-gene interaction structure. To
explicitly encode intrinsic cell-gene associations informed
by this structure, we further leverage the gene embeddings
U to refine the learning of cell representations:

Z" =E"F(W)U 7
7’ =E'F(W)U ™
where Z™,Z9 € RV*¢, ¢ is the number of cell types, and
F (W) denotes a refinement function that bridges the cell
embeddings E and U. In our implementation, we simplify
F to a linear transformation parameterized by the learnable
matrix W. This can be viewed as an inverse tri-matrix fac-
torization framework, which explicitly models the structural
interactions between cells and genes to enhance representa-
tion learning. In practice, this enables each cell to integrate
information from its most relevant genes, e.g., highly ex-
pressed or cell-type-specific marker genes, thus improving
the biological coherence of the learned cell embeddings.

In addition, we further enhance the consistency and struc-
tural fidelity of the learned embeddings through a cross-view
correlation contrastive learning mechanism. Specifically, we
define S;; as the cross-view cosine similarity between cells
¢ and 7, based on their embeddings from two distinct refined
views, Z"" and Z9. The similarity is computed as:

z(z))"

Sij= —m . (8)
L1z 2122

To align the cross-view similarity structure with the under-
lying cellular topology, we impose a reconstruction loss that
encourages the similarity matrix to approximate the adja-
cency structure (augmented with self-connections):
2
(A+Dl7 ©)
This objective enforces structural consistency between em-
bedding views while preserving local connectivity in the cell
graph. Thus, the overall objective function for jointly opti-
mizing all modules is formulated as:

£:

1
Love = ﬁ||S -

min
@0, W

min Lrpa+aolnpc + BLcve,
¢,%,0,W
(10

where the coefficients «, 3 balance the loss terms. The en-
coders ¢ and v are jointly optimized with respect to all three
losses, while the gene encoder ¢ and the trainable parame-
ters W in the refinement module are updated solely based
on Loy ¢ By this way, scRCL effectively captures intrinsic
cellular structures, gene-gene relationships, and their under-
lying associations. After training, the final representation Z



Method Tumor Diaphragm Lung Trachea Human_ESC
etho ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI  ARI
scDeepCluster | 3576  29.34 1125 | 8021  83.15 68.57 | 5479 7335 3747 | 4021 5778 2276 | 9134 9577  91.07
scziDesk 78.07 4176 43.00 | 98.02 9241 94.88 | 7320 78.66 76.64 | 8224 6342 6490 | 7574 89.80 72.77
GraphSCC 6138  62.58 3894 | 99.01 96.31 9845 | 59.22 74.64 5435 | 81.67 69.15 6582 | 82.36 9206 77.18
scGAE 4290 4091 3523 | 5740 59.55 31.94 | 5740 57.59 3545 | 57.30 47.51 3101 | 5510 5598  33.76
scGAC 68.98  44.11  43.80 | 98.05 93.04 96.06 | 51.37 7143 4586 | 69.85 68.03 5685 | 82.53 91.66  77.00
scNAME 57.08  48.13 2925 | 98.69 9441  96.89 | 64.88 78.56 6241 | 81.60 6748  62.57 | 7589 89.74 7275
scDFC 4562 3202 1630 | 9821 9349  96.46 | 4436 6556 32.55 | 95.88 86.59 88.81 | 82.87 9191 7733
scDCCA 47.88 4331 2367 | 90.51 8695 86.67 | 6470 7557 67.90 | 7098 59.64 5535 | 84.09 9291  78.42
SCEA 6590 4224 3613 | 98.16  93.08 96.14 | 5945 7575 54.33 | 69.81 58.15 52.82 | 8255 9133 7738
AttentionAE-sc | 4340 4803 2226 | 9210 8871 89.63 | 78.10 8141 8209 | 79.60 73.50  67.78 | 83.90  89.66  72.61
scGAD 3333 3055 801 | 9853 9429 9695 | 53.63 7239 4484 | 71.69 6289 5124 | 7870 90.01  74.23
scMAE 60.11 5849 3447 | 99.13 96.03 97.68 | 72.22 82.19 7336 | 8370 7137 6588 | 8279 91.81  77.23
scGCOT 63.86 5219 3142 | 98.62 94.09 9647 | 66.91 77.14 70.02 | 8040 6852 6221 | 83.89 9243 78.14
scRCL | 79.67 6829 59.83 | 99.63 9822  99.12 | 8647 8543  89.87 | 98.00 91.85 94.83 | 99.69  99.04  99.22
Method Zeisel Bladder Limb_Muscle Spleen Baron_Human
ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI
scDeepCluster | 71.40  73.19  61.80 | 44.34  58.14 3398 | 64.56 7891 52.86 | 3491 4542 16.68 | 53.93 7135 42.16
scziDesk 7730 65.62 6328 | 86.63 8474  83.16 | 93.17 8821  89.26 | 76.10 4201 3071 | 53.11 64.06 37.77
GraphSCC 8194 7206 73.82 | 7698 81.08 7585 | 80.78 8777 7945 | 91.65 7627 8799 | 6591 79.83 6247
scGAE 4750  49.61 3239 | 47.60 4548 3618 | 5250 54.03  30.51 | 4370 3531 3093 | 4240 4242 3454
scGAC 70.16 7031 6624 | 79.69 79.50  76.56 | 97.63 9500 97.17 | 84.87 6442 7795 | 5037 6623 43.01
scNAME 8240 7359 7552 | 90.89 9091 89.76 | 9402 9335 93.00 | 8514 7361 7095 | 6798 8041  67.52
scDFC 63.13 5612 4426 | 95.58  92.67 94.20 | 81.30 82.60 73.61 | 82.82 5457 6046 | 5820 63.99  42.80
scDCCA 8194 7206 73.82 | 8025 7633 7445 | 8730 8927 8875 | 9273 7741 88.06 | 73.08 7420 6731
SCEA 7255 6820 6772 | 81.87 78.11 7632 | 97.05 93.80 96.37 | 80.69 5502 70.09 | 5496 67.83  48.12
AttentionAE-sc | 80.60 7024 6741 | 8640 8565 8345 | 96.90 94.82  97.67 | 77.00 5594  49.96 | 61.50  66.52 4592
scGAD 68.03 6499 56.86 | 8098 7770 7531 | 81.89 87.02 79.8% | 8587 6683 7123 | 5118 67.01 4397
scMAE 83.50 7177 7169 | 7729 7639  72.66 | 92.62 9348 90.81 | 9223 8244 8490 | 72.97 8047 7592
scGCOT 76,79 62.16  62.18 | 80.76  80.83  78.48 | 98.48 9506 97.44 | 94.98 80.58 89.70 | 60.74 63.52 4233
scRCL | 8353 7346 7829 | 99.68 97.92  99.25 | 99.41 97.80  99.04 | 97.08 86.89  93.36 | 90.02 87.09  90.69
Table 1: Comparison of average clustering performance under five runs on 10 real scRNA-seq datasets.
for each cell is obtained by concatenating the view-specific Method ME E9.5 MBA HBC
embeddings: ACC NMI ARI|ACC NMI ARI|ACC NMI ARI
Z =[7Z™|Z9). (11) SMGCN | 520 52.6 38.7|474 683 432|554 559 546
. . . GraphST | 43.1 52.1 287|429 69.1 365 56.0 664 543
The regultmg en.1b<.3dd1ng Zis then.used for k-means cluste.r- MuCoST | 337 384 13.1]453 717 388|473 644 377
ing to identify distinct cell populations, and serves as a basis MAEST | 484 503 30.6|43.7 675 365|546 61.0 51.3
for a variety of downstream analyses. STAIG |47.0 520 305|419 710 319|583 69.7 567
scRCL | 58.8 554 424|519 723 50.7| 659 68.2 658

Experiment
Experimental Setup

Datasets: We conduct cell-type identification experiments
on a diverse collection of benchmark datasets, encompass-
ing both scRNA-seq datasets: Tumor (Li et al. 2017), Di-
aphragm, Lung, Trachea, Bladder, Limb_Muscle, Spleen
(Schaum et al. 2018), Human_ESC (Chu et al. 2016), Zeisel
(Zeisel et al. 2015), Baron_Human (Baron et al. 2016), and
spatial transcriptomics datasets: LIBD human dorsolateral
prefrontal cortex (DLPFC) (Maynard et al. 2021) with 12
tissue slices, Stereo-seq E9.5 Mouse Embryo (Chen et al.
2022), Human Breast Cancer (Buache et al. 2011), and
Mouse Brain Anterior (Lein et al. 2007).

Comparison Approaches: We compare our scRCL! with
several state-of-the-art clustering approaches designed for
scRNA-seq and spatial transcriptomics data analysis. For
scRNA-seq, we include: scGCOT (Yu et al. 2024), sc-
MAE (Fang, Zheng, and Li 2024), scGAD (Zhai, Chen,
and Deng 2023), AttentionAE-sc (Li et al. 2023), SCEA
(Abadi, Laghaee, and Koohi 2023), scDCCA (Wang et al.
2023b), scDFC (Hu et al. 2023), scNAME (Wan, Chen, and

'The code is available at https://github.com/THPengL/scRCL
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Table 2: Clustering results on Mouse Embryo E9.5 (ME
E9.5), Mouse Brain Anterior (MBA), and Human Breast
Cancer (HBC) datasets.

Deng 2022), scGAC (Cheng and Ma 2022), scGAE (Luo
et al. 2021), GraphSCC (Zeng et al. 2020), scziDesk (Chen
et al. 2020), and scDeepCluster (Tian et al. 2019). For spa-
tial transcriptomics, we compare against: STAIG (Yang et al.
2025), MAEST (Zhu et al. 2025), MuCoST(Zhang, Liang,
and Wan 2024), GraphST (Long et al. 2023), and Spatial-
MGCN (Wang et al. 2023a).

Evaluation Metrics: We assess results using three widely
adopted metrics: clustering accuracy (ACC), normalized
mutual information (NMI), and adjusted rand index (ARI).
Higher values indicate better performance. The datasets and
implementation details are in the Supplementary File.

Quantitative Results

Table 1, Table 2, and Figure 3 present the quantitative and vi-
sualized results for cell-type identification on both scRNA-
seq and spatial transcriptomics datasets (for DLPFC, which
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Limb_Muscle
ARI |ACC NMI ARI

76.6| 983 96.6 974
569 90.6 86.3 86.5
66.4 | 89.3 904 90.4

783|994 97.8 99.0

Zeisel
NMI

71.9
60.4
66.3

73.5

Trachea
ACC NMI ARI|ACC

969 89.7 93.2|81.2
79.8 544 64.0|67.1
96.2 872 89.8|73.8

| 98.0 91.9 94.8| 83.5

Method

w/o LHEA
w/o LNDC
w/o Loy o

scRCL

Table 3: Ablation study on each objective.

includes 12 tissue slices, we report the averaged results).
From these results, we observe the following: 1) Our method
consistently outperforms all competing approaches on both
types of single-cell omics data. While scGCOT also consid-
ers cell-gene relationships for reconstructing gene expres-
sion, it may overlook the discriminative intrinsic cellular
structure. In contrast, our method explicitly captures both
cellular structures and cell-gene associations, leading to sig-
nificantly better performance. 2) For spatial transcriptomics,
scRCL achieves the best performance across all datasets.
Furthermore, from the visualization of cell-type identifica-
tion results within tissue sections (Figure 3B), our method
reveals more distinct and spatially coherent structures com-
pared to other baseline methods.

Overall, the results demonstrate that scRCL effectively
uncovers spatially coherent and biologically meaningful cell
populations.

Ablation Study

Model Structure Design. We conduct an ablation study
on the model structure, focusing on the impact of hetero-
geneous embedding learning and the refinement module, as
illustrated in Figure 4. The results show that the heteroge-
neous embedding strategy outperforms variants that use ei-
ther two identical GCNs or two identical MLPs encoders,
highlighting its effectiveness in capturing complementary
structural and attribute information. Furthermore, the in-
corporation of the refinement module leads to a significant
improvement in cell-type identification performance, high-
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Figure 4: Ablation studies on model structure design.

lighting the importance of modeling cell-gene associations
for biologically meaningful representation learning.

The Impact of Contrastive Learning. We present com-
prehensive ablation studies to evaluate the contribution
of each contrastive learning loss in our proposed method
(Lyea, LNpc, Love)- As shown in Table 3, removing
any key loss term associated with the respective module,
leads to a noticeable degradation in performance. These re-
sults highlight the importance of each component in enhanc-
ing the overall effectiveness of cell-type identification.

Overall, the contrastive objectives and model components
are seamlessly integrated, working synergistically to capture
cellular structures and biologically meaningful cell-gene as-
sociations.

Biological Analysis

Identification of Biologically Meaningful Cell-Type
Marker Genes. We evaluate the biological interpretabil-
ity of our predicted clusters by conducting differentially ex-
pressed genes (DEGs) analysis to identify marker genes both
with and without the refinement module. For each cluster on
the Lung dataset, we compute differential expression scores
and select the top three marker genes. Figure 6 presents dot-
plot visualizations of these markers across clusters. As illus-
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Figure 6: Expression dot-plots of the top three marker
genes for each predicted cell label obtained by scRCL with
(A) and without (B) the gene-informed refinement module.

trated, clusters derived using our full framework (A) exhibit
distinctive, highly specific marker-gene expression patterns,
whereas clusters obtained without the refinement module
(B) show less clear separation.

We find that the majority of the top marker genes identi-
fied by our method align well with known cell-type-specific
markers in the CellMarker database (Zhang et al. 2019).
For example, in the case of cluster 10, the marker genes
Cd3e, Cd3d, and Cd3g are highly expressed, which are
well-established markers of T cells, enabling accurate an-
notation of this cluster as T cells. In contrast, without the
gene-informed refinement module, cluster 10 is misclassi-
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fied, with Eeflal emerging as a marker gene. However,
Eeflal is a housekeeping gene and not specific to T cells,
indicating reduced specificity and biological interpretability
in the absence of refinement.

These results demonstrate that incorporating cell-gene as-
sociations not only improves clustering accuracy but also
yields biologically meaningful cell-type definitions.

Trajectory Inference. For spatial transcriptomics data,
the learned embeddings from scRCL reveal clear spatial
differentiation trajectories. Figure 5 presents the UMAP
(MclInnes, Healy, and Melville 2018) visualizations of the
learned embeddings and corresponding trajectory inference
results obtained using PAGA (Wolf et al. 2019), compar-
ing scRCL with several baseline approaches. Notably, our
method produces well-separated clusters for each cortical
layer and the corresponding PAGA graph infers a coherent
linear trajectory progressing from layer 1 to layer 6 and then
to the white matter. This reflects a biologically consistent
spatial organization, where adjacent layers exhibit smooth
transitions. Although Spatial-MGCN is capable of recov-
ering a similar linear trajectory, it fails to clearly separate
layers 3, 4 and 5 in the embedding space. Other competing
methods display varying degrees of layer overlap, with their
inferred trajectories deviating from the expected linear pro-
gression. These results demonstrate the superiority of our
approach in capturing both spatial structure and underlying
developmental trajectories.

Conclusion

In this work, we proposed a novel unsupervised frame-
work scRCL for cell-type identification that explicitly in-
corporates cell-gene associations to enhance representation
learning from single-cell omics data. Our method effectively
captures intrinsic cellular structures, gene-gene interactions,
and their underlying associations. It provides a generalizable
solution that bridges gene expression profiles with structural
cues derived from cell-gene associations, which is applica-
ble to both scRNA-seq and spatial transcriptomics data. This
framework offers new insights for downstream analysis in
single-cell biology.
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