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Abstract

Single-cell RNA sequencing (scRNA-seq) serves
a pivotal role in characterizing gene expression at
the cellular level, enabling the identification of cell
types and advancing the understanding of cellular
heterogeneity. Despite the significant progress in
scRNA-seq data clustering, we argue that current
methods always ignore the sparsity and noise, as
well as the complex intercellular structural infor-
mation inherent in scRNA-seq data. Toward this
end, in this paper, we propose a novel single-cell
RNA-seq clustering framework via deep Siamese
Graph Transformer Network (termed scGTN),
which explicitly integrates gene expression profile
and intercellular structural dependencies for cell
clustering. In particular, we formulate scRNA-
seq data as a graph and construct two augmented
graph views that serve as dual views to capture
complementary intercellular information. Then, a
Siamese graph transformer network is employed
to explicitly incorporate shortest-path information
and node-wise distances for capturing richer struc-
tural relationships between cells. Finally, we em-
ploy an optimal transport strategy to guide the
cell clustering in a self-supervised manner. Exten-
sive experiments on multiple benchmark scRNA-
seq datasets demonstrate that our scGTN consis-
tently outperforms existing methods. Our code is
available at https://github.com/W-RMSL/scGTN.

1 Introduction

Single-cell RNA sequencing (scRNA-seq) has emerged as
a fundamental technology for profiling gene expression in
bioinformatics, enabling high-resolution profiling of gene ex-
pression across individual cells. Based on the scRNA-seq
data, cell clustering plays a central role by organizing cells
into biologically meaningful groups based on their gene ex-
pression patterns, thereby revealing the intrinsic heterogene-

Corresponding authors.

w/o Structural Information
w/ Structural Information

Cosine Similarity

Figure 1: Similarity distributions of cell embeddings obtained by
scGTN with and without structural information on the scHuman
pancreas cells dataset.

ity of cell populations and facilitating biological interpreta-
tion of their functions and interactions [Kiselev et al., 2019;
Peng et al., 2020]. Accordingly, clustering scRNA-seq data is
particularly valuable for a range of downstream tasks, includ-
ing marker gene annotation [Dai er al., 2022] and cell type
identification [Hu et al., 2020].

For effectively scRNA-seq cell clustering, numerous meth-
ods have been proposed to achieve this goal. Early ap-
proaches primarily relied on classical clustering algorithms,
such as k-means [Hicks et al., 2021], hierarchical cluster-
ing [Johnson, 1967], and density-based methods [Petegrosso
et al., 2020], which are computationally efficient but are in-
herently limited in modeling the complex nonlinear charac-
teristics of scRNA-seq data. With the rapid advances in deep
learning, recent studies have shifted toward learning-based
clustering frameworks that leverage graph neural networks
(GNNs) [Ju et al., 2025; Fan et al., 2026] to extract infor-
mative representations from scRNA-seq data. By represent-
ing cells as nodes and their interactions as edges in a graph,
GNN-based approaches jointly exploit gene expression fea-
tures and structure characteristics to learn context-aware cell
embeddings, enabling a more comprehensive cell cluster-
ing [Wang et al., 2021; Gan et al., 2022; Xu et al., 2024;
Xu et al., 2025; Zhang et al., 2026b].

Despite the effectiveness of these methods, we argue that
two major challenges remain insufficiently addressed: @ Ig-
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noring the Sparsity and Noise inherent within the scRNA-
seq Data. Arising from extensive dropout effects and mea-
surement noise, sSCRNA-seq data present a high-dimensional
expression matrix [Ou-Yang et al., 2022; Wu and Ma, 2022],
which substantially complicates the reliable construction of
cell relationships and frequently leads to graphs that are
highly sparse and noisy. @ Limited Exploitation of Com-
plex Intercellular Structural Information. While existing
GNN-based approaches primarily focus on local neighbor-
hood aggregation, they often overlook richer structural cues
embedded within the cell graph. Features such as shortest
paths and node distances are rarely leveraged, resulting in
an insufficient utilization of the graph’s inherent information.
As shown in Figure 1, cell similarities derived solely from
gene expression features tend to be highly homogeneous and
difficult to distinguish, whereas incorporating structural in-
formation such as positional relationships and shortest-path
distances enables a more discriminative characterization of
intercellular relationships for cell clustering.

Having realized the above challenges with existing meth-
ods, in this paper, we propose a novel deep Siamese
Graph Transformer Network for single-cell RNA sequencing
(scGTN), which effectively exploits complementary graph
information derived from gene expression data to learn dis-
criminative and robust cell embeddings. Specifically, given
the scRNA-seq data, we formulate it into a graph and con-
struct two augmented graph views to serve as dual branches
to capture and refine the intercellular information. Then, for
each branch, we introduce a graph transformer network that
incorporates shortest-path information and node-wise dis-
tances to capture the complementary graph structural depen-
dencies, enabling a more expressive modeling of complex in-
tercellular relationships. Based on the encoded information,
we utilize an optimal transport-guided self-supervised clus-
tering method to align cluster distributions for the clustering
learning process.

To summarize, the contributions of this paper are:

@ New Perspective: We study scRNA-seq data clustering by
jointly considering gene expression profiles and cell graph
structures, which effectively exploits complementary inter-
cellular information beyond feature-level similarities.

@ Novel Methodology: We propose a novel framework
termed scGTN, which introduces a Siamese graph trans-
former network to incorporate richer graph structural infor-
mation, including shortest paths and node-wise distances
for the cell clustering task.

® Extensive Experiment: We conduct extensive experiments
on multiple benchmark scRNA-seq datasets to evaluate the
effectiveness of our scGTN. The results further show the
superior clustering performance of our framework.

2 Methodology
2.1 Problem Definition

Let X = (z;;) € RV*P denote the single-cell gene expres-
sion matrix, where each row x; € RP denotes the gene ex-
pression of the i-th cell, NV and D denote the number of cells

and gene respectively. Based on X, we construct an undi-
rected cell graph G = (V, &), where each node represents
an individual cell and edges are established via a k-nearest
neighbor (KNN) strategy to capture intercellular similarities
quantified by the Pearson correlation coefficient [Benesty er
al., 2009]. The adjacency matrix of the constructed graph can
be A = (a;j) € RV*N where entry a;; = 1if (v;,v;) € €
for cell v; and v;, otherwise a;; = 0. We associate the degree
matrix of the graph as D = diag(dy, ds, . ..,dy) € RVXN,
where d; = Zjvzl a;j is the degree of node v;. The goal of
scRNA-seq clustering is to partition the cells within the graph
G into C disjoint clusters, with each node v; belonging to a
unique cluster according to its gene expression features and
intercellular connectivity.

2.2 Framework Overview

In this work, we focus on scRNA-seq data clustering and
propose a Siamese graph transformer network for the task.
As shown in Figure 2, our scGTN consists of three mod-
ules: (1) Dual Augmentation Module for scRNA-seq Data,
which jointly perturbs the gene expression features and the
underlying cell graph structure to generate two complemen-
tary views, thereby facilitating robust representation learn-
ing; (2) Siamese Graph Transformer Network Fusion Mod-
ule, which employs two weight-sharing Siamese encoders to
process the augmented views while explicitly incorporating
structural information of the cell graph; (3) Optimal Trans-
port Clustering Module, which formulates clustering as a dis-
tribution alignment problem and employs optimal transport to
guide the learning of cluster-consistent representations.

2.3 Dual Augmentation for scRNA-seq Data

To mitigate the effects of inherent sparsity and noise in
scRNA-seq data, we introduce biologically reasonable aug-
mentations by adding controlled noise to the gene expression
profiles, generating two complementary views that improve
the robustness of the learned representations.

Gene Expression Perturbation. Given the single-cell gene
expression matrix X, we employ Gaussian noise to perturb
the gene expression profiles, which can simulate the natural
variability of the gene expression profile as augmentation for
the clustering task. The perturbation can be formulated as:

X:{w1®m7...,w1\r®m}, (D

where m denotes the random mask drawn from a Gaussian
distribution. In practice, we set the distribution as A/(1,0.1)
following the previous work [Xu ef al., 2025]. The two aug-
mented gene matrices can be generated as X' and X2.

Intercellular Graph Structure Augmentation. In addition
to perturbing the gene expression profiles, enhancing the in-
tercellular structure is essential for improving the model’s
ability to capture the relationships between cells. Specifically,
given the constructed cell graph, we remove spurious edges to
refine the graph structure and preserve the most biologically
relevant connections between cells as one view:

A'=D (Ao M +I)D 2, 2)
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Figure 2: Illustration of the proposed scGTN, which consists of three components: (1) Dual Augmentation for scRNA-seq Data: Gene ex-
pression perturbation and intercellular graph structure augmentation to generate two complementary views. (2) Siamese Graph Transformer
Network Fusion: We explicitly integrate gene expression and intercellular structure embeddings for the discriminative representation. (3)
Clustering with Optimal Transport: We introduce a self-supervised optimal transport-guided manner to refine the cell clustering.

where M denotes the mask matrix based on pairwise cosine
similarity. In practice, we identify and remove 10% of edges
with the lowest similarity values using this mask. For an-
other view, we enhance the intercellular structure by consid-
ering graph diffusion, which propagates information across
the graph to strengthen meaningful cell connections:

A?=p(I-(1-n)D *AD %)\, 3)

where 1 denotes the diffusion coefficient to control the infor-
mation propagation within the cell graph.

2.4 Siamese Graph Transformer Network Fusion

To further utilize the richer structural information from the in-
tercellular graph, we introduce a Siamese graph transformer
network [Wang et al., 2025] for the two augmented views
and adaptively fuse the encoded feature to learn discrimina-
tive cell representations.

Gene Expression Embedding. Since cells with similar gene
expression profiles are assumed to be connected in the graph,
we leverage the gene expression profiles of connected cells to
enhance the learning of discriminative gene expression em-
beddings. In particular, we employ two Siamese graph en-
coders to produce the cell embedding as:

Z* =G(A*, X*),x € {1,2}, 4)

where G(-,-) denotes the Siamese graph encoder, which is
shared across the two augmented views. The resulting en-
coded gene expression matrix Z* € RN*9 represents the
learned feature embeddings for each cell, where d indicates
the dimensionality of the feature space. Then, for each cell
node with feature 2, we select the top-t neighbors with the
most similar features and concatenate them into a sequence
S € R+1DXD The sequence is then encoded as:

Ef = Fo(8]) € RUTVX, )

where F,(-) denotes the gene expression encoding function.

Explicit Intercellular Structure Embedding. To explicitly
capture the intercellular structure within scRNA-seq data, we
incorporate both the position embedding and shortest path
embedding of the central node and its neighbors. Specifi-
cally, we define the relative positions of the central node as
Pos(z}) = 0 and assign position values to its neighbors based
on their intimacy to the central node, with nodes that are more
similar to the central node receiving position values closer to
0. The position embedding is formulated as:

P} = Fpos(Pos(z})) € RUFDXA (6)

7

where F,,,(-) denotes the position mapping function. In ad-
dition to the intimacy between two nodes, the shortest path
characterizes the connection structure between them and ex-
plicitly the crucial intercellular structure. Specifically, the
shortest path between two nodes within the constructed cell
graph can be defined as Sp(z;, 7). Based on this, we for-
mulate the shortest path embedding as:

H} = F,,(Sp(z], 2])) € RUFDX4, (7

where F;,(-) denote the shortest path mapping function.

Siamese Graph Transformer Refinement. We integrate the
gene expression and intercellular structure embedding as:

Y = Ef + P/ + H; ¢ R4, (8)

Then we leverage the attention mechanism to encode the in-
tegrated embedding, which can be formulated as:

WoYi(WkYi) "
Vd

where Wy, Wi, Wy, € R4 denote the query, key and
value matrices respectively. We employ the multi-attention
mechanism with feed-forward networks (FFN) and residual
connections as a transformer layer. Through stacking L-

layers, the output feature can be Y;** € R(‘+1)*d_ The final

Attention(Y;) = Softmax < ) wWvY; 9)
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cell node embedding can be refined as:

1 t
Y Y, *[t, ] € RY. (10)

2%

z, = T
t+1

We further introduce the correlation loss to prevent feature
collapse and redundancy between two views, defined as:

21(2]2)T
REIEIR )

Ecor = Zz(l - ii + Zl Zj#i Rz2]

The final cell embedding Z can be fused from two views as:

Z= %(ZA1 + Z?). (12)

2.5 Clustering with Optimal Transport

Given the refined cell embedding, we adopt a self-supervised
strategy for the scRNA-seq data clustering. Specifically, we
measure the similarity between cell embedding 2; and the
clustering center p. as the Student’s ¢-distribution [Maaten
and Hinton, 2008], formulated as:

(A )
ch - N 146 (13)
S (L4 12— pell/0) %"

where Q = [gic] € RY*“ denotes the cluster assignment
of the cell and @ is the degrees of freedom in the Student’s
t-distribution. Following the previous work [Bo et al., 2020],
we sharpen the cluster assignment as the target distribution
P =[p.] € Rf ¢ which can be calculated as:

i i/ fe
w’c bl
Z ql'gc’/fc’

where f. = ), gic denotes the soft cluster frequency. We
further introduce the optimal transport strategy to align the
cluster distribution with the mixing proportions, which en-
sures the robust clustering and prevents the degenerate solu-
tion that all cells allocate to a single label:

min —P x (log Q)

(14)

(15)
s.t. P1lc =1y and PTlN = N,

where P and — log @ denote the transport plan and cost ma-
trix, respectively. Here 7r in the constraints represents the
proportion of cells assigned to each cluster, which can be de-
rived from the intermediate clustering results. In practice,
we utilize the Sinkhorn distance method [Sinkhorn, 1967] for
the optimization by introducing entropy constraint H (-) with
a Lagrange multiplier \ as:

1
mgn—P x (log Q) — XH(P) (16)

s.t.Plc =1y and P'1y = Nr.
Therefore, we can iteratively optimize the P as:

P = diag(u™)Q* diag(v®), (17

where we iteratively update u®) and v as 15/(Q*v*~1)
and N, /(Q*u") at iteration t with N, representing the the
total mass of the target distribution and the initial value set-

ting as v(°) = 1. During the training process, we fixed p
and align @ with the P as the clustering loss:

-y pulogpi (18)

2.6 Overall Optimization

Law = KL(P||Q

To preserve the intercellular structure information for cell
clustering, we reconstruct the cell graph with the learned cell
embedding and the Mean Squared Error (MSE) loss can be:

Zi- 2
IEAEAI
Since scRNA-seq data exhibits sparsity and overdispersion,
we further incorporate the Zero-Inflated Negative Binomial
(ZINB) loss [Eraslan et al.; 2019; Xu et al., 2025] to model

the excess zeros and variability. Finally, the overall objective
of our scGTN can be defined as:

L= Lau + Lo + BLrec + ’Y‘CZINB7 (20)

1
Lre = [|A = M|, My; = ( +1>~ (19)

where «, 3 and y denote the trade-off parameter to balance
the contribution of each component.

3. Experiments
3.1 Experimental Setup

Benchmark Datasets. To evaluate the robustness of our
model for clustering across species and diverse biological
contexts, we conduct experiments on seven public single-cell
benchmark datasets, covering both human and mouse sam-
ples and including pancreas, liver, and peripheral immune cell
populations. In terms of data scale, the number of cells ranges
from 1,064 to 8,617, the number of genes ranges from 2,000
to 20,125, and the expression matrices exhibit sparsity rates
of approximately 73.02%-93.26%. To standardize the input
dimensionality and focus on more informative features, we
select either 1,500 or 2,000 highly variable genes (HVGs) for
each dataset as the model input. Detailed statistics are sum-
marized in the Table 5 of Appendix B.

Baselines. To highlight the advantages of scGTN, we com-
pare it with ten representative clustering approaches. Specifi-
cally, pcaReduce [Zurauskiené and Yau, 2016] is included as
a representative traditional clustering method. DEC [Xie et
al., 20161, contrastive-sc [Ciortan and Defrance, 2021], sc-
NAME [Wan et al., 2022], scDeepCluster [Tian ez al., 2019]
and AttentionAE-sc [Li et al., 2023] are deep learning-based
clustering methods, which mainly learn representations via
autoencoders or contrastive learning and then perform clus-
tering. In addition, scGNN [Wang er al., 2021], scDSC [Gan
etal.,2022], scCDCG [Xu et al., 2024] and scSiamese [Xu et
al., 2025] are deep graph clustering methods that incorporate
GNNss and structural information for representation learning
and clustering. Detailed experimental settings and implemen-
tation details are provided in the Appendix B.
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Datasets Metric| pcaReduce DEC

contrastive-sc scNAME scDeepCluster scDSC

AttentionAE-sc scGNN scCDCG  scSiameseClu Ours

Muraro Human ACC | 50.56+34 72.22+55 81.85+46 80.36+79 7470 +27 7942+ 14 93.84+27 79.32+40 92.65+19 94.95+01 96.02 +0.5
Pancreas cells NMI | 54.83+17 76.29 £27 77.73 £33 79.12+27 79.32+03 75.89+06 87.80+23 78.76 +56 86.81+1.0 86.19+03 89.15+1.1
ARI 36.61+23 61.76+56 75224101 76.64+104 64.59+25 7542+12 90.74 +4.1 78.87 +£32 91.37+12 91.59+03 93.10 + 0.9

Human Pancreas ACC | 23.63+02 40.64 19 69.67 +738 84.20+60 66.39+338 73.10+23 81.56+138 55.10+2.1 92.15+08 95.12+04 97.21+03
cells 1 NMI | 42.58+04 62.35+06 69.21+33 65.74+40  69.42+125 60.50+42 82.62+30 64.03+09 86.35+09 89.50+06 93.23+02

ARI 1.98+05 26.07+13 52.00+87 63.31+74 47.92+30 69.81+16 71.84+85 38.32+08 92.83+06 93.40+0s5 96.61 +15

Human Pancreas ACC | 37.56+04 4526+18 60.01 +57 63.33+20 62.88+55 80.40+40 80.40+40 57.62+23 84.66+ 1.1 89.45+09 91.13+09
cells 2 NMI | 50.81+03 66.32+2.1 62.25+23 58.05+1.6 73.97 +22 79.44+17 82.16+109 79.32+23 83.44+26 86.80+1.2 90.63+1.2

ARI 19.23 +0s5 39.14+18 47.10+53 3212415 64.56+75 82.85+65 7320+ 105 79.96 + 1.7 8530+ 16 89.20+1.1 92.38+14

Human Pancreas ACC | 35.92+o04 43.56+15 57.47 +50 83.20+87 73.65+3.1 80.12+100  90.96+24 67.94 146 88.04 +03 89.45+0s5 95.31+14
cells 3 NMI | 51.22+03 64.51 038 66.84+23 80.56+5.6 75.02+12 75.87+384 87.00+18 62.60+1.8 8221 %11 86.20+0.6 91.37+03

ARI 26.40+45 4273+ 10 47.90+34 81.08+57 63.31+23 82.85+8s5 89.78 +25 58.41+19 90.78 +0.6 92.34+08 95.25+05

Mouse Pancreas ACC | 28.97=+o03 34.19+23 59.55+57 82.36+38.0 69.91+29 77.35+23 81.92+65 43.03+3.0 93.97+02 92.45+04 95.11+12
cells 2 NMI | 48.93+0.1 54.08 +0.9 62.34+24 78.00+£3.9 59.58+26 62.50+04 81.88+5.1 55.87+19 88.02+02 86.50+05 88.59+06

ARI 12.80+0.1 18.54 + 1.1 49.75+85 76.56+11.4 60.14+36 65.81+14 82.14+78 26.40+25 92.61+03 90.80+0.6 93.43+038

ACC | 28.19+01 41.88+54 52.70+5.0 68.06+13.3 70.80+25 68.79 0.9 61.18+79 66.71 +4.0 71.45+18 74.70+0s 79.20 05

CITE-CMBC NMI | 28.36+02 46.87 92 64.83+08 63.23 +132 72.53+07 64.21+33 62.02+96 61.70+£3.1 747717 68.71 +07 76.50 +0.4
ARI 5.10+0.1 23.55+103 47.88+37 58.99+213 56.23 +4.1 5251422 4420+ 116 61.20+3.1 61.46+14 67.56+1.1 69.80+05

Human Liver ACC | 349202 46.32+55 79.31+21 74.55+53 63.44 +07 70.90+22 79.46 +6.7 68.65+32 753417 88.33+17 94.50 + 0.9
cells NMI | 32.07+06 52.24 450 85.11+0.1 7742+ 120 74.60+25 71.63+238 82.86+45 62.33+2.1 79.34 1256 88.82+12 90.15+1.1

ARI 6.34 + 144 31.04+47 89.96+0.1 7991 +29 58.58 +10.1 7534 +36 79.16 +118 65.41+13 81.26+27 91.90+0s 94.10 + 05

Table 1: Clustering performance across seven benchmark datasets. The results are reported as mean + standard deviation, where the best

results are highlighted in bold and the second-best are underlined.

(b) scDSC

(a) scDeepCluster (c) scGNN

(d) scCDCG

(f) scGTN

(e) scSiameseClu

Figure 3: UMAP visualizations of scGTN and five baseline methods on the Human Liver cells dataset. Each point represents a cell, and

colors indicate the predicted cell type.

Evaluation Metrics. To evaluate the effectiveness of the pro-
posed method, we assess clustering performance using three
widely adopted metrics: clustering accuracy (ACC), normal-
ized mutual information (NMI) [Strehl and Ghosh, 20021, and
adjusted Rand index (ARI) [Vinh et al., 2009].

3.2 Overall Performance

Quantitative Analysis. Table 1 compares the clustering per-
formance of scGTN with ten competitive baselines on seven
benchmark datasets. From the results, we make the fol-
lowing observations. < (1) scGTN achieves the best perfor-
mance across all three metrics on all datasets, demonstrat-
ing its strong capability in handling high-dimensional and
highly sparse scRNA-seq data. On average, compared with
the second-best method, scGTN yields significant improve-
ments of 3.00%, 2.42%, and 2.30% in terms of ACC, NMI,
and ARI, respectively, validating the effectiveness and gen-
eralizability of our approach. (2) Compared with deep clus-
tering methods that rely solely on gene expression features,
our scGTN consistently delivers substantial gains, highlight-
ing the benefit of jointly leveraging expression features and
cell—cell structural information. (3) Although GNN-based
methods like scGNN incorporate cell graphs, they predom-
inantly rely on local neighborhood aggregation, which ren-
ders them vulnerable to over-smoothing and limits their abil-

ity to capture global dependencies. scGTN overcomes this
by encoding complex structural information via the Siamese
Graph Transformer, yielding more discriminative representa-
tions. Analysis of runtime is provided in Appendix F.

Visualization. To further investigate the model’s ability to
capture the underlying structure of cells in the embedding
space, we apply UMAP [Mclnnes et al., 2020] to project
the learned representations of the Human Liver dataset into
two dimensions, as shown in Figure 3. We observe that our
scGTN produces highly compact clusters with clear inter-
cluster boundaries, faithfully reflecting the complex under-
lying tissue structure and effectively preserving the intrinsic
heterogeneity among different cell types. In contrast, meth-
ods such as scDSC often yield projections with noticeable
subtype mixing or diffuse distributions, making it difficult to
separate rare cell populations from major groups.

3.3 Biological Analysis

Differential Gene Expression Analysis. Differentially ex-
pressed genes (DEGs) serve as a critical metric to validate the
biological identity of learned clusters. Using Seurat’s “Find-
AllMarkers” [Butler et al., 2018], we extract the top-100
DEGs for each cluster on the Muraro Human Pancreas dataset
and quantitatively compute the overlap ratio with the corre-
sponding ground-truth cell types. As shown in Figure 4, the
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Figure 4: Cell type annotation. Heatmap of overlap between the top 100 DEGs in clusters detected by five methods and gold standard cell
types (Cell types are abbreviated as PP, A, Ductal, B, Acinar, Epsilon, Stellate, D, and Endo).

score

score

endothelial cell

vs. rest

pancreatic A cell vs. rest

pancreatic D cell vs. rest

oTCF4
©ESAM
©ACVRL1

oGPR116
oETS1

404

394

384

3741

oTTR
oGCG

eIRX2

oGC

4 ePCSK2

oSST
eSEC11C

oRBP4

oLEPR

oHHEX

T

pancreatic PP cel

T

Il vs. rest

T T

pancreatic acinar cell vs.

rest

T

T

pancreatic ductal cell vs.

rest

oPPY
°ETV1

eMEIS2

©SERTM1
4eTHSD7A

26 1
251
244
234

2241

oREG1A
#PRSS1
#SPINK1

oCTRB2

©GSTA2

©ANXA2
oNDUFA4

oLITAF

©ANXA4

©S100A11

T

pancreatic epsilon

cell vs. rest

t

T T

T

pancreatic stellate cell vs.

T

T

type B pancreatic cell vs.

rest

5

4

oGHRL

34

score

24

14

oFGF14

©ACSL1

©ASGR1
oBHMT

©COL12A1

oCOL1A1

oCOL3A1

oCOL6A3

oCDH11

314

oINS

301

291

eSYT13

oHADH

oNPTX2

T

2

ranking

o4

T

2

ranking

Pl

2

» 1oMAFA

ranking

(a) Gold Standard

Cluster 8 vs. rest

Cluster 1 vs. rest

Cluster 3 vs. rest

40 24 ==
1 e 4 8 9
4 n = % 397 g —
¢l 583258 5 Sy 2y O &3
381 3 0 4 & © 38 4 g ¥ v 4 &
4 4
371 S8 v %
74 © 20 ==
T
T T T 36 T T T T T T
Cluster 7 vs. rest Cluster 0 vs. rest Cluster 6 vs. rest
X 4 <
]l z 26 N 24 1
¥ & ¢ 22y E$s:o0
o = 0 | FS] >
v [} = a0 B 0 o a1 X Z
S W a x v 234 n Z o
S — < 251 € v a O @& < @ o
2 16 4 =, & o<
E v o 0 X
Y 23 =
G EOE 244 3
° =
T T T T T T T T
Cluster 4 vs. rest Cluster 2 vs. rest Cluster 5 vs. rest
—
4 o = <
1 228 o | 321 o o
4 e 59 3 & [} 1u{ 2 m 9 8§
[ I < =z < FE O & 2
L O O 0O < & ]l = @& m L 5 o o
S164 © O O O 31 < &0 9 W
S 16 ] Q ] o
@ PR i Q¥ =
522 5
154 a 101 ]
29 1
T T T T T T T T T
0 2 4 0 2 4 0 2 4
ranking ranking ranking
(b) scGTN

Figure 5: Top-5 DEGs Ranking. Comparison of the top 5 DEGs identified by the gold standard (a) and scGTN (b) for different cell types.

high-overlap regions of scGTN are predominantly concen-
trated along the diagonal, consistently surpassing 90% over-
lap in most clusters. This indicates that our clusters can be
stably mapped to specific cell types with minimal confusion.
In stark contrast, baseline methods frequently exhibit lower
overlap ratios due to ambiguity and inter-cluster confusion.
To further investigate the biological fidelity, we compare the
rankings of the top 5 DEGs between scGTN and the Gold
Standard as illustrated in Figure 5. Beyond mere overlap, we
observe remarkable consistency in the dominant markers. For
instance, in the cluster corresponding to Pancreatic PP cells
(Cluster 7), our scGTN identifies PPY and ETVI as the top-
two markers, perfectly matching the Gold Standard. This pre-
cise alignment in both gene identity and ranking confidence
demonstrates that our scGTN does not merely capture global
similarities but accurately prioritizes the key marker genes
essential for distinct cell identification.

KEGG Pathway Enrichment Analysis. To validate the bi-
ological interpretability of the clustering results, we perform
KEGG pathway enrichment analysis on representative clus-

ters. As shown in Figure 6, our scGTN successfully resolves
distinct functional subpopulations in pancreatic tissue. Clus-
ter 3 is significantly enriched in “Insulin secretion” and crit-
ical diabetes-related pathways including MODY, while also
exhibiting neuroendocrine signatures such as the “Synaptic
vesicle cycle”, confirming its biological identity as pancreatic
B cells. Cluster 4 shows strong enrichment in “Ribosome”
and protein synthesis-related pathways, highlighting the high
protein synthesis activity characteristic of acinar cells. Fi-
nally, Cluster 5 is enriched in pathways such as “Phagosome”
and “Lysosome”, indicating the presence of tissue-resident
immune cells such as macrophages. These results demon-
strate that our scGTN can accurately identify KEGG path-
ways and distinct functional phenotypes.

Furthermore, we provide trajectory inference analysis in
Appendix D to validate preserved developmental manifolds.

3.4 Ablation Study

Effectiveness of Major Components. We evaluate the con-
tribution of each loss term on the Muraro dataset. Table 2 in-
dicates that the exclusion of any component leads to a sharp
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Figure 7: The impact of two key hyperparameters (KX and L) on
clustering performance in terms of ACC and NMI.

Law Ler Lzng Lree | ACC NMI  ARI
v v v X 84.57 78.93 76.08
v v X v 84.18 78.36 75.62
v X v v 83.47 7758 74.36
X v v v 81.24 7479 70.68
v v v v | 96.02 89.15 93.10

Table 2: Ablation experiment results of major loss terms

performance degradation of over 10% in ACC, highlighting
the non-redundancy of each module. Specifically, the absence
of the optimal transport clustering loss L., results in the most
severe drop, underscoring its critical role in guiding partition
assignments. Similarly, removing the correlation term Lo,
or the reconstruction objectives Lzing and Ly, significantly
impairs the capability of the model to align views and pre-
serve topology. Ultimately, the full scGTN achieves supe-
rior performance, validating the synergy of jointly optimiz-
ing for structural, feature, and distribution constraints. Dual-
component ablation analysis is provided in Appendix G.

Impact of Embedding Components. We further dissect the
embedding module to assess the contributions of Gene Ex-
pression (GE), Position (Pos), and Shortest-Path (SP) embed-
dings in Table 3. Results indicate that while GE provides the
foundational semantics, integrating it with structural priors
yields massive gains. Notably, adding Pos alone boosts ACC
by over 12% compared to the GE baseline, and the full combi-
nation achieves peak performance, confirming that structural
information is essential for distinguishing subtle cell states.

* Phagosome 20
2 Lysosome 19 3
20 Osteoclast differentiation :jé
15 Fc gamma R-mediated phagocytosis 15:‘7
1 Yersinia infection »
0 10 20 30 0 10 20 *
(c) Cluster 5
Model Variants ACC NMI ARI
ScGTN 96.02 89.15 93.10
GE + Pos 92.12 86.33 88.55
GE + SP 80.09 _71.08 67.76
Pos + SP 27.52 1213  5.06
Gene Expression (GE) 79.24 70.69 67.61
Position (Pos) 16.68  0.73 0.23
Shortest Path (SP) 26.53 12.14  6.80

Table 3: Ablation experiment results of embedding components.

3.5 Sensitivity Analysis

To evaluate the robustness of scGTN against hyperparameter
variations, we conduct a sensitivity analysis on the Muraro
Human Pancreas dataset. We examine neighborhood size K
(56-60) and Transformer layers L (1-8). As illustrated in Fig-
ure 7, the model demonstrates high stability with respect to
K, showing only marginal fluctuations across all metrics, in-
dicating that our scGTN is robust to variations in the under-
lying graph construction. Conversely, performance depends
more significantly on network depth L. Shallow networks
where L = 1 yield suboptimal scores due to insufficient fea-
ture propagation and limited semantic capture. Increasing
depth improves results until peaking at L = 6, where the
model effectively balances local and global information. Fur-
ther extending depth to 8 leads to a slight performance drop,
likely due to over-smoothing. Further sensitivity analyses re-
garding other hyperparameters are detailed in Appendix E.

4 Conclusion

In this paper, we propose a novel deep Siamese Graph Trans-
former Network (scGTN), which effectively integrates gene
expression profiles and intercellular structural information for
scRNA-seq data clustering. Specifically, we formulate the
scRNA-seq data as a graph and construct two augmented
graphs as dual views to capture complementary intercellu-
lar relationships. Then, we introduce a Siamese graph trans-
former network which integrates richer graph structural infor-
mation, i.e., shortest-path and node-wise distance, to explic-
itly capture intercellular relationships. To further refine the
cell clustering, we incorporate an optimal transport mecha-
nism in a self-supervised manner, enhancing representation
learning while preserving biological relevance. Extensive ex-
periments on scRNA-seq benchmark datasets verify the ef-
fectiveness and superiority of our proposed scGTN.
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