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Abstract

Clustering is fundamental to scRNA-seq analysis,
serving as a cornerstone for identifying cell pop-
ulations and resolving tissue heterogeneity. How-
ever, existing methods focus on mining numerical
statistical patterns, suffering from semantic agnosti-
cism by neglecting the intrinsic biological functions
encoded by genes. While Large Language Mod-
els (LLMs) offer promising semantic capabilities,
their direct adaptation to cell clustering is hindered
by the structural mismatch between generative pre-
training objectives and discriminative downstream
tasks. To bridge this gap, we propose scLLM-DSC,
a novel LLM-Knowledge Enhanced Cross-Modal
Deep Structural Clustering framework. Diverging
from data-driven paradigms, scLLM-DSC estab-
lishes a semantically-grounded representation by
synergizing two views: a Knowledge-Driven Se-
mantic View derived from NCBI gene priors and
contextualized Cell2Sentence embeddings, and a
Structure-Aware Topological View extracted via a
graph-guided encoder. Crucially, we introduce a
cross-modal contrastive alignment mechanism to en-
force consistency between biological semantics and
transcriptomic features within a unified latent space.
Extensive benchmarks demonstrate that scLLM-
DSC significantly outperforms eleven state-of-the-
art baselines in clustering accuracy.

1 Introduction

Single-cell RNA sequencing (scRNA-seq) has revolutionized
the characterization of tissue heterogeneity by providing high-
resolution cellular atlases [Svensson ez al., 2018]. As a pivotal
analytical step, cell clustering aims to define functional identi-
ties based on expression similarity, serving as the cornerstone
for downstream biological discovery [Kiselev er al., 2019].
In retrospect, the evolution of clustering algorithms has been
a pursuit of optimal numerical representations. From early
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statistical linear reductions (e.g., PCA, t-SNE [Maaten and
Hinton, 2008]) to deep auteencoder-based non-linear embed-
dings (e.g., scDeepCluster [Tian ef al., 2019], scNAME [Wan
et al., 2022]), and further to structure-constrained learning
(e.g., scGNN [Wang ér al., 2021] and scCDCG [Xu et al.,
2024]), existing methods have achieved maturity in mining
statistical distributions and topological structures. However,
these methods suffer from a fundamental limitation: semantic
agnosticism [Cui et al., 2024; Theodoris et al., 2023]. By
reducing genes to abstract numerical indices, existing frame-
works prioritize expression patterns over functional logic. Con-
sequently, while adept at identifying distributional shifts, they
lack the semantic grounding required for biological reasoning
and interpretability [Xu et al., 2025d].

To address this limitation, the field is witnessing a paradigm
shift toward Foundation Models (FMs) [Zhang er al., 2025].
Inspired by LLMs in NLP, these approaches analogize genes
as "tokens" and cells as "sentences," pre-training on massive at-
lases to learn universal representations. Pioneering works like
scBERT [Yang et al., 2022] and Geneformer [Theodoris ef al.,
2023] adopted the BERT paradigm, capturing genome-wide
context via masked modeling. Subsequently, generative mod-
els such as scGPT [Cui et al., 2024] and scFoundation [Hao
et al., 2024] scaled up parameters to reconstruct complex ex-
pression patterns across species. More recently, researchers
have sought to enhance interpretability by integrating biolog-
ical priors, such as gene regulatory networks in GeneCom-
pass [Yang er al., 2024] or leveraging textual embeddings in
GenePT [Chen and Zou, 2024].

Despite their potential, directly adapting these general-
purpose models to the specific downstream task of cell cluster-
ing presents structural contradictions [Kedzierska et al., 2025;
Li et al., 2025]: (1) Objective Mismatch between Pre-
training and Clustering: Most models (e.g., scGPT) rely
on "generative" pre-training focused on reconstructing global
statistics rather than distinguishing local subpopulation bound-
aries. When applied to clustering (a discriminative task), this
lack of boundary constraints often leads to "over-smoothing"
representations, failing to separate subtle transitional states.
(2) Numerical representations lack biological semantic sup-
port: While treating genes as tokens, existing methods es-
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sentially capture numerical co-occurrence rather than explicit
functional attributes (e.g., transcription factor regulation). Pri-
oritizing probabilistic associations over causal logic makes
them prone to hallucinations, thereby generating biologically
implausible patterns driven by noise. (3) Missing Cross-
Modal Alignment: There is a lack of effective mechanisms to
align "external biological knowledge" with "internal transcrip-
tomic features" in the latent space. This modal disconnection
results in clustering outputs that remain mathematical labels
rather than biologically attributable entities [Dip et al., 2025].

To address these impediments, we propose scLLM-DSC,
an LLM-Knowledge Enhanced Cross-Modal Deep Structural
Clustering framework for single-cell RNA Sequencing. Di-
verging from the purely generative paradigm of general foun-
dation models, scLLM-DSC is formulated as a task-specific
knowledge-integrated framework anchored in three core pil-
lars: Knowledge-Driven Priors, Structure-Aware Topology,
and Cross-Modal Semantic Alignment. The core logic is to
utilize LLMs not as data generators but as semantic mappers,
explicitly integrating biological semantics from knowledge
bases (e.g., NCBI) into the clustering process and enforc-
ing alignment with numerical features via cross-modal con-
trastive learning. scLLM-DSC comprises three coupled mod-
ules: (1) Dual-Path Cell Semantic Encoding (Knowledge-
driven): It incorporates external priors by encoding NCBI
gene summaries and using a Cell2Sentence strategy to capture
dynamic regulation contexts. (2) Structure-Aware Cell Fea-
ture Encoding(Structure-aware): Leveraging the scCDCG
backbone, it extracts high-order topological information to
ensure the fidelity of the native data manifold. (3) Cross-
Modal Alignment and Fusion (Semantic-alignment): Uti-
lizing bidirectional InfoNCE loss and variance regularization,
this module bridges the cognitive gap between "data-driven"
structural signals and "knowledge-driven" semantic signals.
Extensive benchmarks demonstrate that scLLM-DSC signifi-
cantly outperforms 11 mainstream baselines in both accuracy
and efficiency, while uniquely endowing clustering results
with explicit biological attribution.

Our contributions are summarized as follows:

* A Knowledge-Data Dual-Driven Paradigm: We tran-
scend the limitations of traditional numerical indexing
by systematically incorporating NCBI functional priors.
This establishes a novel paradigm that bridges the gap
between ‘structure-aware’ deep learning and semantic-
aware’ biological reasoning.

» Task-Specific Synergistic Optimization: To overcome
the objective mismatch of FMs for clustering, we devise a
specialized optimization objective. By integrating seman-
tic alignment with discriminative structural constraints,
we ensure the model focuses on defining precise cell sub-
population boundaries rather than global reconstruction.

 Unified Interpretable Representation: We leverage
cross-modal alignment to construct a unified latent space
that preserves both topological fidelity and biological
meaning, enabling interpretable mechanism discovery.
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Figure 1: Details of Generating Gene Embedding Generation.

2 Related Work

Conventional scRNA-seq Clustering. Early pipelines like
Seurat [Butler et al., 2018] and Scanpy [Wolf et al., 2018]
rely on linear reduction and community detection. To capture
non-linear manifolds and data sparsity, deep generative mod-
els such as scVI [Lopez et al., 2018]-and DCA [Eraslan et
al., 2019] utilize ZINB-integrated autoencoders for explicit
count modeling. Subsequent frameworks, including scDeep-
Cluster [Tian et al., 2019] and scDCC [Tian et al., 20211,
introduced joint optimization of reconstruction and clustering-
constrained objectives. To incorporate intercellular topolog-
ical information, initial frameworks like sScGNN [Wang et
al., 2021] and scDSC [Gan et al., 2022] utilize graph convo-
lutional networks for neighborhood aggregation, while scSi-
ameseClu [Xu et al., 2025a] employs contrastive learning to
bolster representation robustness. To enhance scalability and
circumvent GCN-induced over-smoothing, structural mod-
els based on deep graph-cut objectives have emerged. sc-
CDCG [Xu et al., 2024] and its extension scSGC [Xu et al.,
2025b] utilize deep spectral clustering to efficiently capture
global topological constraints. Despite these advancements,
these numerical-driven methods often lack explicit biological
semantics, limiting their interpretability in complex tissues.
Biological Foundation Models. The focus has recently
shifted toward Transformer-based foundation models that
learn universal biological representations from large-scale
cell atlases. scBERT [Yang er al, 2022] and Gene-
former [Theodoris et al., 2023] pioneered this paradigm by em-
ploying masked gene modeling to capture complex genomic
contexts. To enhance generalization, scGPT [Cui et al., 2024]
and scFoundation [Hao et al., 2024] further scaled parameter
capacities for multi-species generative embeddings. Beyond
sequence-only modeling, knowledge-enhanced frameworks
such as GeneCompass [Yang et al., 2024] and GenePT [Chen
and Zou, 2024] integrate gene regulatory networks and textual
semantics, respectively, to infuse prior biological constraints.
Recently, scMamba [Yuan er al., 2025] was introduced to
achieve linear computational complexity for ultra-long ge-
nomic sequences. Despite their powerful representation, these
foundation models are not inherently optimized for partition-
ing tasks, suffering from a objective mismatch between general
pre-training and downstream structural clustering.

3 Methodology

3.1 Problem Formulation

The core challenge addressed in this study is Knowledge-
Enhanced Structural Clustering. Let X € RY*? be the
single-cell gene expression matrix, where N denotes the num-
ber of cells and D is the number of genes. Unlike traditional
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Figure 2: Framework Overview of the Proposed scLLM-DSC. (a) Dual-path cell semantic encoding (Knowledge-driven); (b) Structure-aware
cell feature encoding(Structure-aware); (c¢) Cross-modal alignment and fusion (Semantic-alignment).

data-driven methods, we incorporate an external gene seman-
tic knowledge base, denoted as G, derived from LLMs. Our
objective is to learn a mapping function f : (X, G) — Z that
projects cells into a unified latent space Z by aligning transcrip-
tomic structural features with biological semantic information.
Ultimately, we aim to partition Z into O cell populations, yield-
ing the clustering assignment C = {¢y,ca,...,cn}, where
¢; € {1,...,0} denotes the cluster label of the i-th cell.

3.2 Framework Overview

The scLLM-DSC framework, illustrated in Fig. 2, establishes
a novel paradigm for LLM-Knowledge enhanced cross-modal
deep structural clustering by synergizing large-scale biological
priors with data-driven representation learning. To integrate
biological semantic knowledge, we first retrieve structured
biological annotations from NCBI and encode them into gene-
level textual representations using a frozen large language
model. Subsequently, we construct a unified cell embedding
through three modules: (1) Semantic View: creating comple-
mentary cell-level textual embeddings by aggregating gene
semantics and serializing cell profiles; (2) Structural View:
capturing the intrinsic data manifold via a graph-cut—guided
deep structural encoder; and (3) Cross-Modal Contrastive
Fusion: performing alignment between LLM-encoded biologi-
cal semantics (Text) and expression-derived structural features
(Feature), yielding a biologically grounded latent space opti-
mized for the downstream clustering task.

3.3 Gene Semantic Encoding

To explicitly incorporate biological priors, we leverage a pre-
trained LLM as a universal knowledge encoder, as illustrated
in Fig. 1. Specifically, we systematically collected comprehen-
sive metadata covering genome-wide genes from the NCBI
database [Li et al., 2024]. For the j-th gene (j € {1,..., M}),
this heterogeneous information (e.g., symbol, functional sum-
mary) is serialized into a structured prompt 7;. We then extract

the dense vector representation via the LLM encoder:

g; = fuum(T;). (1)

Consequently, we construct a global gene semantic matrix

G=[gi,8....gm | €RMxd, 2)

which projects discrete gene entities into a continuous,
machine-interpretable semantic manifold.

3.4 Dual-Path Cell Semantic Encoding

To bridge the gap between gene-level knowledge and cell-level
identity, we design a dual-path encoding strategy. Crucially,
both paths operate on the most informative genes to filter
noise and ensure computational efficiency. For each cell, we
strictly select the top-K genes ranked by expression intensity
(experimentally set to K = 2048). Let X € RYV*X denote
this filtered and sorted expression matrix, where each row
contains the expression values of the top-K genes for a cell.
Abundance-Weighted Semantic Aggregation. This branch
explicitly utilizes the expression magnitudes in X as impor-
tance weights. Let G € RX*1 be the subset of LLM-derived
gene embeddings corresponding to the genes in X. The first
cell-level embedding Z(Y) is obtained by aggregating these
gene semantics weighted by their expression values:

ZW =X G e RV*d, A3)

which projects the cell’s gene expression abundance directly
into the semantic manifold defined by G.

Sequence-Based Contextual Modeling. To capture non-
linear dependencies and gene co-occurrence patterns, we adopt
a serialization approach inspired by Cell2Sentence [Levine
et al., 2024]. We adopt a serialization approach where the
row vector X; from X is treated as a sentence. Specifically,

the names of the top-K genes (ordered by their rank in X)



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

are tokenized into a sequence S;. These sequences are then
encoded by the shared LLM encoder fim:

Z§2) = fum(Si),

Unlike Z1), this representation leverages the LLM’s attention
mechanism to perceive the underlying regulatory logic of gene
expressions preserved in the sorted gene list.

Dual-Path Semantic Fusion. We integrate the abundance-
based and context-based representations to yield the final uni-
fied cell semantic embedding Z'***:

7t = wZW 4+ (1 —w)Z@, (5)

Z® e RN*h, )

where w € [0, 1] is a balancing coefficient. This fused repre-
sentation Z'** € RV*41 gerves as the semantic anchor for
the subsequent structure-aware alignment.

3.5 Structure-Aware Cell Feature Encoding

To capture the intrinsic topological manifold of the cell pop-
ulation, we utilize the deep graph clustering framework sc-
CDCG [Xu et al., 2024] as our structural backbone. Given
input X, the backbone functions as a non-linear mapping en-
coder fsruc(+) to extract the cell feature embedding:

Zfeat = fstruc(X) € RNXd2- (6)

This encoding process is governed by three complementary
unsupervised objectives:

* Topology Preservation (Lyc.¢): A differentiable Nor-
malized Cut loss that captures high-order structural infor-
mation via long-range dependencies, effectively preserv-
ing the global manifold while circumventing the over-
smoothing limitations of traditional GCNs.

¢ Expression Fidelity (£);s5£): An autoencoder-based
reconstruction loss that guarantees the latent embeddings
retain essential gene expression information.

¢ Cluster Refinement (L1 ): A KL-divergence objective
that aligns soft assignments with a target distribution
optimized via Optimal Transport (OT). This mechanism
enforces a global balance constraint to prevent cluster
collapsing and stabilize the partitioning manifold.

The resulting Z?* encapsulates the data-driven structural
priors, serving as the topological anchor for the subsequent
cross-modal alignment.

3.6 Cross-Modal Alignment and Fusion

To bridge the heterogeneity between biological semantics and
topological features, we align the semantic embedding Z'*x*
and the structural embedding Z** into a unified latent space
via contrastive learning.
Projection and Similarity. We first map the modality-specific
embeddings to a shared d-dimensional space using two sepa-
rate non-linear projection heads (two-layer MLPs with ReLU),
denoted as fy(-) and gy (-):
Ztext _ qu(Ztext)’ Zfeat _ gw(zfeat)’ (7

where Z € RV*4 We then compute the cross-modal cosine
similarity matrix S € RV*¥~, By normalizing the projected

embeddings to the unit hypersphere (i.e., ||Z|| = 1), the simi-
larity is efficiently calculated via scaled dot product:

S — (Ztext(Zfeat)T)/T7 (8)

where 7 is a temperature parameter.

Bidirectional Alignment Objective. To enforce semantic
consistency, we minimize the symmetric InfoNCE loss. For a
mini-batch of N cells, considering the paired representations
(i,1) as positives and all other pairs as negatives, the loss is
formulated as:

N
Lop = _L log exp(Sii)

2N i=1 lecvzl exp(Sik)

Text — Feature

eXp(Su)
S, exp(Ski)

Feature — Text

+log

©))
The first term aligns the textual view to the structural view,
while the second aligns the structural view to the textual view.
Variance Regularization. To prevent the projection heads
from mapping diverse cells to a trivial point (i.e., dimensional
collapse), we impose a hinge loss on the standard deviation of
each feature dimension:

Cyar = Z

d

Zmax (0, 1—+/Var(V.i) + 6) ,

Ve{ztext Zfeaty k=1
(10)

where V., € RY denotes the column vector corresponding
to the k-th dimension across the batch, and ¢ = 10~ % is a
constant for numerical stability.

The overall loss for the cross-modal alignment module is

formulated as:

SR

‘Calign = ['CL + A‘Cvara (1 1)

where ) is a hyperparameter.

3.7 Optimization and Inference

Joint Training. The framework is optimized end-to-end via a
weighted composite objective:

L= alyign + BLncut +VLmse + LKL, (12)

where «a, 3,7, and § are hyperparameters balancing cross-
modal semantic alignment, global topology preservation, re-
construction fidelity, and cluster refinement, respectively.

Inference. Upon convergence, we obtain the unified embed-
dings by averaging the aligned semantic and structural views:

1 /4 N
chuster _ 5 (Ztext + Zfeat) ) (13)

The final clustering assignments C are then generated by ap-
plying K-Means (or Leiden) directly to Zcluster,

4 Experiments

4.1 Experimental Setup

Dataset. We utilized a subset of datasets provided by sc-
CluBench [Xu et al., 2025c¢], consisting of 6 real sScRNA-seq
datasets from human and mouse tissues (Table 1). All data
were used as provided, without further preprocessing.
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Figure 3: Visualization of scLLM-DSC and four typical baselines on Mauro Pancreas in 2D t-SNE projection.

Species Dataset Name #Cell #Gene #Cluster Sparsity (%)
Mauro Pancreas 2,122 19,046 9 73.02

Human Sonya Liver 8,444 4,999 11 90.77
Sapiens Liver 2,152 61,759 15 95.42
Muris Brain 13,417 21,609 2 91.83

Mouse  Muris Liver 2,859 21,609 11 88.20
Muris Limb Muscle 3,855 21,609 6 91.38

Table 1: Details of single-cell RNA-seq Datasets.

Baseline Methods. We compare scLLM-DSC against 11
baselines across three categories: (1) Deep Non-linear Embed-
ding Models: These models utilize deep autoencoders to learn
latent representations, including scDeepCluster [Tian et al.,
20191, scziDesk [Chen et al., 2020], and masked autoencoder
variants ScNAME [Wan et al., 2022] and scMAE [Fang et al.,
2024]. (2) Deep Structural Clustering Models: These meth-
ods explicitly incorporate cellular topological information via
graph-based architectures, comprising sScGNN [Wang et al.,
2021], scDSC [Gan et al., 2022], the contrastive scSiamese-
Clu [Xu et al., 2025al, and the cut-informed scCDCG [Xu
et al., 2024]. (3) Foundation Models: These large-scale
pre-trained frameworks leverage expansive atlases for down-
stream transfer, represented by scGPT [Cui et al., 2024], Gene-
Former [Theodoris et al., 2023], and the knowledge-informed
GeneCompass [Yang er al., 2024]. All methods were imple-
mented using their publicly available Python packages, with
hyperparameters tuned for optimal performance.
Implementation Details. Implemented in Python 3.12 (Py-
Torch >2.9.1, CUDA 13.0),  scLLM-DSC follows a two-
stage protocol: autoencoder pre-training (joint NCut/MSE)
followed by contrastive clustering. We generate gene embed-
dings from NCBI metadata using OpenAl’s text-embedding-
3-small. Cell embeddings are extracted from NCBI meta-
data via OpenAlT’s fext-embedding-3-small. Cell embeddings
aggregate the top-2048 highly expressed genes (k = 2048)
weighted by expression v;: €cy = Zle V; * €gene,. The
architecture features a [256, 16] autoencoder producing 16-
dimensional latent vectors. A 128-dimensional projection head
aligns modalities via bi-directional InfoNCE loss (7 = 0.1)
with variance regularization (A = 10~2). Training spans
200 epochs/stage using Adam, with hyperparameters opti-
mized via Optuna. Clusters are initialized by KMeans and
refined via Sinkhorn (A = 5, 1k iters). We report the mean
of 5 independent runs on an NVIDIA A800-80GB GPU. All
datasets and code for scLLM-DSC are available at the link:
https://github.com/XPgogogo/scLLM-DSC.

Evaluation Metrics. We assess the clustering quality by mea-
suring the congruence between predicted partitions and biolog-
ical ground truth using three benchmark indices: Clustering
Accuracy (ACC), Normalized Mutual Information (NMI), and
Adjusted Rand Index (ARI). While ACC and NMI range from
0 to 1, ARI can be negative if clustering performs worse than
random assignment. For all metrics, higher values indicate
superior clustering fidelity.

4.2 Overall Performance

Qualitative Analysis. (1)Comparison with Deep Clustering
Baselines. Tab. 2 shows that scLLM-DSC achieves SOTA
performance, outperforming all baselines in both average
metrics (ACC: 88.80%, NMI: 85.35%, ARI: 83.04%) and
overall ranking. The superiority stems from its ability to syn-
ergize LLM-derived semantic anchors with global structural
manifolds. Specifically, the performance margin over deep
non-linear embedding models underscores the necessity of
integrating both textual semantics and topological structures.
Furthermore, compared to deep structural clustering models
(e.g., scCDCGQG), scLLM-DSC yields higher clustering fidelity,
validating that LLM-based priors provide more discriminative
guidance for structural alignment than raw numerical features.
This robustness is further exemplified on the Muris Brain
dataset (#Cell=13,417, #Cluster=2). While many baselines
(e.g., scziDesk) achieve misleadingly high ACC by predicting
majority classes, their near-zero NMI and ARI indicate a col-
lapse into trivial partitions. Such failure occurs because raw
numerical features often lack sufficient margin to define clear
boundaries in high-volume but low-cluster scenarios, causing
structural models to suffer from oscillation or over-smoothing.
scLLM-DSC overcomes this by injecting LLM-based seman-
tic anchors, which provide the contrastive signals required to
maintain cluster separation and prevent manifold collapse. (2)
Comparison with Biological Foundation Models. Evaluation
against large-scale foundation models (Tab. 3) reveals that
scLLM-DSC provides more robust partitioning across most
datasets. Unlike general-purpose models, scLLM-DSC is
specialized for clustering tasks, effectively capturing discrete
cell-type boundaries. While Geneformer and GeneCompass
show localized peaks on Sonya Liver, likely due to pre-training
data overlap, scLLM-DSC demonstrates superior generaliza-
tion elsewhere. This strongly underscores that for effectively
resolving highly complex cellular heterogeneity, dedicated
structural objectives specifically tailored for clustering are
indispensable compared to universal embeddings.

Quantitative Analysis. As depicted in Fig. 3, we project the
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Deep Non-linear Embedding Models

Deep Structural Clustering Models

Dataset | Metrics |~ peepCluster  scMAE scNAME  scziDesk scGNN scDSC  scSiameseClu ~ scCDCG ~ OURS
Mauro ACC 73.5541.37 95.6210.16  89.7319.02  69.97117.08 79.3243.96  79.4211.34 94.95, 15 92.65+2.93 96.9411.00
Pancreas NMI 78.8910.098 88.4910.44 85.3145.11  64.94114.21 78764560  75.89+0.61 86.194+0.34 86.81,495 92431149
ARI 64.90+1.07 92.384+0.35 84.51413.42 50.31429.92 78.8143.17 75424122 94.59 1 45 91.37+1.21  96.0810.67
Sonya ACC 69.2112.47 80.73+1.86  79.97+s80  76.58+1.52 72.331+3.40 70.9012.23 88.33 11 74 75.3413.67 90471644
liver NMI 79.69+0.68 85.5941.44  85.041365  83.34+0.70 73.564270 71.6312.75 88.82.; o4 79.344250 91924900
ARI 69.71i‘1,18 88.9211_78 83.96i]3_63 83.87i1,17 76-01i2.60 75-34i3.56 91. +0.48 81.26i2,59 92-01i5.58
Sapiens | ACC [ 9.08.100  6751ias0 63335170 8195000 383,00  O107:110  62.30t0s1 73094140 7519252
Liver NMI 60.98i2.20 Mio.eo 74.8310.70 75.10j:1.20 77.213:2,00 68.213:5,20 68.963:1,50 62.54i3,20 79'09i5.97
ARI 34.5242.00 63.8214.10 58944250  66.1211.90 72361 70 56.9417.90 51.104129 41111440 78.03.40.97
Muris ACC 59.57+3.90 66.13+3.40 61.344310  53.31ta30 48.6212.30  64.37x4.00 81.3246.88 9450, ;1o 95.54:3386
Limb NMI 34.55+4.90 59.444380  63.51+130  36.66+6.40 22.10+470  33.30+4.50 80.04,,,,  56.5417.60 91.69is.0
Muscle ARI 35.95+8.10 51.541+330  54.701230  32.59+7.20 21904320 34.2846.40 75.49 1 g 44 53.37+8.50 829141560
Muris ACC 85.36+18.10 71.37+0.00 90.2440.30 OOM 91.4010.10 96.02+2.50 99.17 - 19 05.5511.10 99425051
S NMI | 5948, ,, 4,0  1.33£000  0.01:o00 OOM 0314010 0.072000  33.00i170  22.48ix30 68.58%1 o5
ARI 60'11146.80 —2.2210.00 0.34+0.10 OOM 2.77+0.50 —0.37+0.80 30.87+1.22 35.56+7.80 79.36+1.96
Muris ACC 42.6213.20 53481040 49.721410  44.5013.40 51.5812.90 55.76+7.50 66.81+4.50 6813, 49 7524658
Liver NMI 45.0712.20 65.39£1.00 61.2141.70  43.1713.40 55.1641.10  35.07xa.70 7146, 5,  62.06+2.40 88.38+6.54
ARI 27.9243.90 47.5540.60 38554340  27.27+4.60 45.58+3.20 43.74+12.30 49.56 5 16 46.961+3.70 69.8511 99
ACC 63081516 2471195 72393105 6251558 69511001 71851506 82151520  53.21.,9, 8880555
AVG NMI 59.7849.23 63.08+1.21 61.65+2.08 60.64+5.18 51.1842.70  46.03+2.96 7141, g 61.63+4.18 85.3515.51
ARI 48.85110.50 57.0011.69 53.5015.89 50.03i7.45 49-44i2.40 47-55i5.36 65‘59i2.47 58.27i4,72 83.04i2,30
RANK ALL 6 4 5 6 9 8 2 3 I

Table 2: Clustering performance compared with deep embedding and structural clustering models (meanzsq). Bold and underline denote
best/runner-up. (OOM: Out-of-Memory; Rank: avg. of ACC/NMI/ARI; scDeepCluster and scziDesk tied for 6th).
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Figure 4: All Biological Analysis of scLLM-DSCon Mauro Pancreas Dataset.

Dataset Metric scGPT Geneformer GeneCompass OURS
Mauro ACC 56.6111.35 17.1440.67 25.1940.95 96.94+1.00
Pancreas NMI  53.9141.26 0.87+0.15 7.000.11 92.43 11 40
ARL 37154149  0.0210.04 3.0040.10 96.08.40 67
Sonya ACC  57.754835 100.00+0.00 ~ 100.00-+0.00 90.47+6.44
Liver NMI 76471340 100.0040.00 . 100.00£0.00  91.9219.20
ARl 53.7449.45 100.0040.00 100.00:0.00  92.01i558
Sapiens ACC 43.4743.01 24.49+0 08 27771131 75.191252
Liver NMI  59.75+195  23.78x0.78 24.2310.78 79.0915 97
ARL  36.111646  10.7540.64 13484019  78.0340.097
Muris ACC 20221925 23252115 24A7z00s  95.5du3s6
Limb Muscle NMI 9.4420.06 1.05+0.20 4.16+0.01 91.69+5.60
ARI 5.64:0 51 0.77+0.30 2.40+0.00 82.9145.60
Muris ACC _ 59.5440.57  62.71x0.10 54.8250.02 99.42 105
Brain NMI 0 0.041002  0.0240.00 0.005000  68.5841 .25
ARI 0.20+0.05 0.17+0.00 —0.0140.00 79.36+1.96
Muris ACC 32444220 13841045 28.80+2.44 752410655
Liver NMI 29404125 2.01x0.5 19701070  83.8840.54
ARI 13.61+0.44 —0.03x0.17 13.4812.16 69.8511.99

Table 3: Clustering performance comparison with biological founda-
tion models (mean+q). The bold values represent the best results.

latent representations of scLLM-DSC and four representative
baselines into a 2D space. The visualization results demon-
strate that scLLM-DSC yields substantial advantages in both
boundary clarity and intra-cluster compactness. Regarding
the cluster boundaries, baselines such as scDeepCluster and

scCDCQG exhibit discernible "bridge" structures, resulting in
marginal overlaps between distinct cell populations. Con-
versely, scLLM-DSC effectively eliminates such structural
ambiguity; by leveraging LLM-based semantic priors to pro-
vide robust discriminative signals, it defines sharp and clean
biological boundaries. Notably, from the perspective of intra-
cluster compactness, scLLM-DSC facilitates a higher degree
of aggregation within the manifold space, forming a more
dense and robust cluster structure than the baselines. This
dual enhancement in boundary separation and compactness
validates the efficacy of cross-modal alignment in constraining
the latent space to capture fine-grained cellular heterogeneity.

4.3 Biological Analysis

We conduct an in-depth analysis of the biological relevance
of our clustering results following the standard evaluation
pipeline of scCluBench [Xu ef al., 2025c]. Taking the Mauro
Pancreas dataset as a case study, we first identify the top
100 marker genes for each predicted cluster via SCANPY,
with their expression specificity visualized in the tracksplot
in Fig. 4(a). Subsequently, Fig. 4(b) illustrates the marker-
overlap calculation process, which establishes a statistical
foundation for biological identity assignments by calculating
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w/o SC
scLLM-DSC

----- w/o NCut ----- w/o KL ----- w/o align

w/o align w/o MSE  ----- w/o AW

(a) Framework Component Study (b) Semantic Component Study

Figure 5: Ablation Study on Mauro Pancreas Dataset.

VARIANTS | AcCC NMI ARI

Jasper-Token-Compression-600M 96.271+1.12  91.6311.40 95.7010.83
granite-embedding-small-english-r2 | 96.36.1990 91.531151 95.7110.69
Qwen3-Embedding—0.6B 96~02i1.26 91~42i1.48 95~57i0.77
all-MiniLM-L6-v2 96.6410,98 91.89:&1_62 95.8510477
bge—m3 96.60i1,13 91-99i1.39 95.85i0,74
OURS (text-embedding-3-small) 96.94i 1.00 92'43i 1.49 96.08i0 67

Table 4: Robustness to LLM Variants on Mauro Pancreas.

the intersection (overlap score) between predicted markers
and gold-standard reference sets. Furthermore, in the Sankey
diagram of Fig. 4(c), we compare two annotation paradigms:
the purely numerical Best-Mapping (BM) strategy, which op-
erates independently of external biological priors, and the
biology-guided Marker-Overlap (MO) strategy. Analytical re-
sults demonstrate that while the BM strategy tends to "enforce
mappings" for all nine potential cell types, the MO strategy
exhibits superior biological rigor. Concretely, for cluster 1 in
Fig. 4(b) mislabeled as " epsilon cell" by BM, the MO strat-
egy deliberately labels the cluster as "pancreatic ductal cell"
according to its highest overlap score, as shown in Fig. 4(c),
ensuring higher fidelity cellular identification.

4.4 Ablation Study

Framework Component Study. To evaluate the contribu-
tion of each module; we compare scLLM-DSC with four
variants on the Mauro Pancreas dataset by systematically re-
moving Lgjign (W/0 align), Lncur (W/o NCut), Larse (W/o
MSE), and Ly (w/o KL). Results visualized in Fig. 5a re-
veal that scLLM-DSC consistently outperforms all ablation
variants across all metrics, confirming that each component
is vital for optimal performance. Notably, the significant per-
formance degradation in w/o NCut and w/o align underscores
the indispensable roles of both high-order structural manifolds
and LLM-derived biological semantics. The performance gain
demonstrates that scLLM-DSC effectively synergizes high-
order topological structures with explicit biological semantics,
leading to more robust and interpretable cell clustering.

Semantic Component Study. We evaluate the contribution
of each semantic path by comparing scLLM-DSC with three

1.00

0.95F = e e e E S e
o b T T e
Q 0.90F o acc
0 0.85} —== NMI
=d= ARI
0'88.0 0.2 0.4 0.6 0.8 1.0
Value

Figure 6: Parameter Sensitivity of w on Mauro Pancreas dataset.

variants: w/o AW (removing Abundance-Weighted Semantic
Aggregation), w/o SC (removing Sequence-based Contextual
Encoding), and w/o align (discarding both). Results in Fig. 5b
show that while either path alone improves performance, their
combination consistently yields the highest accuracy. This
confirms that expression-weighted magnitudes and gene-order
regulatory logic provide complementary biological insights
into complex cellular states.

4.5 Robustness to LLM Variants

To assess the model’s dependence on a specific language
model, we investigate its robustness by substituting the de-
fault text-embedding-3-small with various LLM backbones
of differing architectures and scales. As reported in Tab. 4,
scLLM-DSC maintains remarkably stable performance across
all evaluation metrics, with negligible fluctuations despite sig-
nificant variations in the underlying embedding models. This
stability indicates that scLLM-DSC is highly compatible with
diverse LLM architectures, as the specific backbone choice
is not the primary determinant of performance. Combined
with Fig. 5, these results underscore that integrating LLM-
based semantics remains indispensable for superior accuracy,
demonstrating the broad applicability of our framework.

4.6 Parameter Sensitivity

We evaluate the impact of the balancing coefficient w (Eq. 5)
on clustering performance. As illustrated in Fig. 6, metrics
including ACC, NMI, and ARI fluctuate with varying fusion
ratios of abundance and context semantics. Optimal results
across all metrics are achieved at w = 0.5, confirming that the
synergy of dual-path representations is essential for capturing
comprehensive cell semantics. The performance decline at
w € {0, 1} further proves that relying on a single semantic
source is insufficient for maintaining peak clustering precision.

5 Conclusion

scLLM-DSC presents a novel paradigm that integrates LLM-
derived biological knowledge with deep structural clustering
to address the persistent omission of semantic context in tra-
ditional scRNA-seq analysis. By synergizing functional gene
priors with graph-guided topological encoding, our framework
establishes a unified latent space that aligns numerical tran-
scriptomic features with high-level biological meaning. Bench-
marks confirm that this task-specific cross-modal alignment
not only achieves state-of-the-art accuracy but also provides
an interpretable foundation for mechanism-aware discovery.
Looking ahead, we plan to scale this framework to atlas-level
datasets and incorporate spatial transcriptomics to further de-
code complex tissue architectures.
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