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Abstract

Spatial multi-modal omics technologies have transformed bi-
ological research by enabling the simultaneous profiling of
gene expression, protein abundance, and chromatin accessi-
bility within their native spatial contexts. Despite these ad-
vances, accurately clustering rare cell types remains a ma-
jor challenge due to data sparsity, high dimensionality, and
limited annotated samples. While Graph Neural Networks
(GNNs) have shown potential in modeling spatial omics data,
their effectiveness is often constrained by the use of fixed
K-nearest neighbor (KNN) graph structures, which fail to
capture latent semantic relationships masked by sequenc-
ing noise. To overcome these limitations, we propose CRCT
(Clustering Rare Cell Types): a novel framework that com-
bines Implicit Semantic Data Augmentation (ISDA) with
adaptive graph learning for spatial multi-modal omics anal-
ysis. Unlike traditional augmentation strategies that generate
explicit synthetic samples, CRCT operates in the deep feature
space by dynamically estimating intra-class covariance ma-
trices and implicitly perturbing features along semantically
meaningful directions. This enables effective augmentation
for rare cell populations while preserving biological fidelity.
Extensive experiments across four real-world datasets (HLN,
MB, Stereo-CITE-seq, and SPOTS) and one synthetic bench-
mark demonstrate the state-of-the-art performance of CRCT,
achieving improvements of up to +1.7 NMI and +7.8 ARI
over strong baseline methods.

Introduction

Spatial transcriptomics has emerged as a transformative ad-
vancement in biological research, building on the success
of single-cell RNA sequencing. By preserving the two-
dimensional spatial coordinates of each captured transcript,
it enables direct investigation into how gene expression pro-
grams are spatially organized within tissue architecture and
how neighboring cells influence each other’s states (Rao
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Figure 1: (a) Spatial transcriptomic map of the Human
Lymph Node (HLN) dataset. (b) Bar chart summarizing the
number of cells per cell type in the HLN dataset.

et al. 2021; Williams et al. 2022; Moses and Pachter 2022;
Tian, Chen, and Macosko 2023). The field is now rapidly
evolving toward spatial multi-omics, where multiple molec-
ular modalities—such as RNA expression, chromatin ac-
cessibility, histone modifications, and surface protein abun-
dance—are simultaneously profiled within the same tis-
sue section using technologies including RNA-seq (Conesa
et al. 2016), ATAC-seq (Chen et al. 2016), CUT&Tag-RNA-
seq (Zhang et al. 2023), ADT-seq (Gravis et al. 2016), and
Stereo-CITE-seq (Liao et al. 2023). These complementary
layers of molecular information offer a holistic view of cel-
lular identity, regulatory mechanisms, and cell—cell interac-
tions in situ, holding the potential to revolutionize our un-
derstanding of development, immune responses, and disease
pathogenesis.

Integrating such heterogeneous signals is intrinsically
challenging. Each modality possesses distinct dimensional-
ities (for example, antibody-derived tag profiles are orders
of magnitude shorter than RNA counts), modality-specific
technical noise, and batch effects introduced by the diverse
chemistries. Spatial alignment further compounds these dif-
ficulties because the data must be fused at matched coor-
dinates without destroying local neighbourhood structure.
Directly transplanting advances from natural language pro-



cessing or computer vision (Wang et al. 2025a), which have
recently benefited from large and homogeneous training cor-
pora, often fails because biological measurements violate
the assumption of independent and identically distributed
samples and exhibit complex data-generation biases.

Despite these challenges, current computational strategies
for joint modeling of spatially-resolved multimodal data re-
main inadequate. The majority of existing approaches are
constrained to either analyzing individual modalities inde-
pendently (e.g., MOFA+ (Argelaguet et al. 2020), Mul-
tiVI (Ashuach et al. 2023), Total VI (Gayoso et al. 2021)) or
operating without spatial context (e.g., CiteFuse (Kim et al.
2020), STAGATE (Dong and Zhang 2022), PAST (Li et al.
2023)). Recently, emerging methodologies have begun to
address this gap by explicitly incorporating spatial informa-
tion with multi-omic data. Notable examples include Spa-
tialGlue (Long et al. 2024), which implements graph neural
networks with dual-attention mechanisms for modality in-
tegration, and PRAGA (Huang et al. 2025), which advances
the field through dynamic graph architectures coupled with a
Bayesian Gaussian mixture model for enhanced cross-modal
denoising and representation learning.

However, two critical challenges persist in practical appli-
cations: (1) the scarcity of spatial multi-omics datasets due
to prohibitive experimental costs limits the scale required for
learning generalizable representations; and (2) the inherent
long-tailed distribution of cellular composition in most tis-
sues. As illustrated in Figure 1, dominant cell types dispro-
portionately influence model training, while rare cell popu-
lations and boundary regions remain systematically under-
represented. This imbalance leads to three key limitations:
models tend to overfit to prevalent classes, exhibit blurred
decision boundaries, and critically fail to identify biologi-
cally important rare populations (Cui et al. 2020; Su et al.
2025). Compounding these issues, unlike computer vision
data where geometric transformations can effectively aug-
ment datasets (Wang 2025), omics data lacks robust aug-
mentation strategies, leaving few viable solutions to address
these fundamental imbalances.

Building upon transfer-learning principles (Wang et al.
2021), we present CRCT (Clustering Rare Cell Types), a
novel framework that pioneers implicit semantic augmen-
tation for spatial multi-omics integration. Operating in a
fully unsupervised paradigm, CRCT implements a three-
phase iterative process: (1) generating pseudo-labels through
initial clustering to approximate cellular heterogeneity; (2)
computing class prototypes as centroids in the latent fea-
ture space; and (3) performing stochastic prototype-based
augmentation during subsequent training epochs. Crucially,
augmented samples preserve both cellular identity and
multi-omic characteristics while expanding the representa-
tion of rare populations. This implicit data expansion strat-
egy effectively addresses three fundamental challenges: mit-
igating overfitting to dominant cell types, refining cluster
boundaries, and enhancing detection sensitivity for biologi-
cally significant rare populations. The main contributions of
this paper are as follows:

* CRCT introduces the novel adaptation of semantic aug-
mentation to spatial multi-omics data, enabling effective
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data expansion without requiring additional experimental
samples or explicit geometric transformations.

* Our framework autonomously identifies and amplifies
underrepresented cell populations through iterative pro-
totype refinement and stochastic augmentation, overcom-
ing the limitations of long-tailed cellular distributions
without requiring predefined cell type labels.

* Comprehensive evaluations across multiple benchmark-
ing datasets confirm CRCT’s consistent superiority over
existing state-of-the-art methods.

Related Work
Multi-modal Omics Aggregation

Multi-modal omics aggregation aims to consolidate data
across different omic layers to comprehensively reveal the
intricate mechanisms of biological systems (Subramanian
et al. 2020). Existing methods are primarily divided into sta-
tistical and deep learning categories (Ballard et al. 2024;
Wang et al. 2025b). Among statistical methods, Principal
Component Analysis (PCA) and its variants are widely used
to reduce data dimensionality while preserving as much vari-
ance as possible (Lock et al. 2013). Similarly, Canonical
Correlation Analysis (CCA) seeks to find linear combina-
tions of variables in two datasets that are maximally cor-
related (Singh et al. 2019). Non-negative Matrix Factoriza-
tion (NMF) decomposes the original data matrix into the
product of two non-negative matrices, resulting in a low-
dimensional representation of the data (Kriebel and Welch
2022). In the realm of deep learning, multiDGD (Schus-
ter et al. 2024) employs generative modeling to learn latent
inter-omics representations for improved cell state charac-
terization. PRAGA (Huang et al. 2025) constructs dynamic
graph structures and combines a prototype-aware contrastive
learning strategy to integrate spatial and feature semantics.
scMMAE (Meng et al. 2025) employs masked autoencoders
and cross-attention mechanisms to extract both shared and
modality-specific features, while also supporting knowledge
transfer to unimodal analysis.

Spatial Resolved Omics

Spatially resolved omics technologies preserve spatial in-
formation within tissue sections while combining molecular
measurements to reveal the spatial organization and interac-
tions of cells in situ (Dezem et al. 2024). These technolo-
gies can be broadly categorized into three main types: 1)
Image-based methods, including in situ hybridization (ISH)
and in situ sequencing (ISS); 2) mRNA capture-based meth-
ods, such as laser capture microdissection (LCM); 3)Deep
learning-based methods (Lee, Yoo, and Choi 2022). Com-
pared to the first two methods, deep learning-based meth-
ods provide a flexible and scalable way. The COSMOS
model (Zhou et al. 2025) employs graph convolutional net-
works (GCNs) to encode each omic modality and utilizes the
Weighted Nearest Neighbor (WNN) algorithm to integrate
multi-modal representations into a unified embedding space
for tissue segmentation and functional region identification.
SpatialGlue (Long et al. 2024) introduces a dual-attention



graph neural network that performs intra-omic and cross-
omic integration of spatial and molecular features to decode
spatial domains. Additionally, the MISO algorithm (Cole-
man et al. 2025) is proposed to integrate multimodal spatial
omics data by first constructing adjacency matrices for each
modality and using multilayer perceptrons (MLPs) to learn
modality-specific low-dimensional embeddings. MISO then
computes interaction features between all modality pairs and
concatenates the embeddings and interactions into a unified
representation for feature extraction and clustering analysis.

Method
Learning to Cluster Rare Cell Types (CRCT)

Spatial multi-modal omics integration aims to jointly model
spatial information and multiple omics modalities, such as
RNA expression (transcriptomics), Assay for Transposase
Accessible Chromatin (ATAC-seq), and Antibody Derived
Tags (ADT), in order to obtain unified representations for
downstream analysis. Formally, given spatial coordinates
of N tissue spots S = {(z;,v:;)}, and their associated

features from M modalities Fs

f™ € RP denoting the m-th modality’s D,,-dimensional
features, the goal is to learn a latent representation ®:

Z=2(Fm,S), ey

where Z € RV*P= is a comprehensive latent embedding
capturing both spatial and multi-modal molecular informa-
tion. This unified embedding Z supports downstream tasks
including cell type identification, spatial domain discovery,
and tumor microenvironment analysis. Spatial multi-modal
omics datasets are inherently imbalanced: rare cell types (7)
contribute only a few sequencing spots and (if) often re-
side at tissue boundaries where expression profiles are am-
biguous. Building on the graph—based fusion mechanism of
PRAGA (Huang et al. 2025), we introduce CRCT to explic-
itly augment the separability of these under-represented cell
types, as illustrated in Figure 2.

Graph Construction and Encoding

For each modality m (1 < m < M), we construct two
undirected graphs: (1) the spatial adjacency graph G° =
(S, A%), where the adjacency matrix Afj is constructed us-
ing the K-Nearest Neighbors (kNN) of spatial coordinates
(4,y;) (with O otherwise), and (2) the feature adjacency
graph Gt = (F,,, AL'), where F,,, represents the modality-
specific feature matrix and A% denotes its corresponding
adjacency matrix. To integrate the spatial and feature in-
formation, we first stack the adjacency matrices A° and
AZ along a new channel dimension, forming a 3D tensor
Ace € RVXNX2 The fusion is then performed through
channel-wise concatenation followed by a 1x1 convolu-
tional layer:

AF
A, = Convix

([A%]1 A7) € RN, )
where || denotes concatenation along the channel dimension.
This operation learns optimal weights to combine spatial

proximity and feature similarity while preserving the graph
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structure. Building upon the fused adjacency Affl, we em-
ploy a single-layer Graph Convolutional Network (GCN) to
generate refined features for each modality. The encoding
process is formulated as:

Frn = AF Fchnc

m m

3)

where Were € RIm*dn is a learnable weight matrix that
projects the input features F),, of dimension d,, into a hid-
den space of dimension dj. The resulting encoded graph
GF = (F,,, AL ) integrates both topological and feature in-
formation from modality m, serving as the input for down-
stream integration tasks. Encoded features from all modali-
ties are concatenated and transformed via a multi-layer per-
ceptron to yield the unified representation:

Z = MLP(Concat(Fl, . ,FM)) e RV*P=,

Z={z,... @)

aZN}~

Cluster Implicit Semantic Data Augmentation

Spatial multimodal datasets often exhibit a pronounced class
imbalance, making conventional image-level augmentations
ineffective. We therefore introduce a feature-space augmen-
tation strategy that operates on the unified embedding Z
and draws on the idea of implicit semantic data augmen-
tation (Wang et al. 2021; Xie et al. 2023). This strategy
increases the intra-class diversity while keeping infer-class
semantics intact, and requires no additional data. Let z; €
R? be the latent vector of spot i and §; € {1,...,C} its
pseudo-label obtained from the prototype assignment. Dur-

ing training step ¢ we collect the batch mean feature pf;(t),

. It t
covariance Ec( ), and sample count mg) for every class ¢

present in the mini-batch. Global statistics are updated by
exponential moving average:

) /(0

B T G QP

()

B’ = — , @)
ngt b +m£t)
" P (1) ) ()
Ec — C C C C
ngtfl) + mgt)
. nd D m® (6)

(e~ +my2
< (D = ) (Y = )

with the cumulative counter ng) = ngt_l) + mgt). All up-

dates are O(d?) but executed only for the classes present
in the mini-batch, ensuring modest overhead. Let zi € Z
denote the latent representation of spot ¢, and let g be its
corresponding pseudo-label. For each class, we maintain
an online estimation of its feature covariance matrix using
mini-batch statistics. Specifically, from the batch-wise esti-
mator defined in Eq. 6, we retrieve the running covariance
matrix X ji € R4*? for the class associated with ¢; at
training epoch t. Directly sampling a perturbation vector

from a full-rank Gaussian distribution N\ (0, Egi)) is com-
putationally expensive, requiring O(d*) operations due to



2 , oA

Snia

Antibody-Derived F
Tags

ATAC modal

Eaam
OO0OE
Assay for Transposase ooEn

Accessible Chromatin Features

Cluster centers J J ) (o)
: : Decoder ) v Feature| [ loss
E : — B -1 - £
> ] Aug ADT Feature
= = g e
R 2 gb db o it
"""""" ATAC Feature
l ——»Eﬁﬁ»——-——»ﬁfi’w
R —
/ / Aug ATAC Feature|
\ (IS - R
—_— > P L )
- »|Letuster
—/

Figure 2: Learning to Cluster Rare Cell Types (CRCT) framework. For each modality, a graph convolutional network (GCN)
encodes the modality-specific feature graph fused with the spatial KNN graph, producing latent node embeddings.An MLP
concatenates and transforms the modality-specific embeddings into a unified representation.K-means clustering yields cluster
assignments and prototypes; these prototypes drive the generation of latent augmentations that are added to the original embed-
dings. Modality-specific decoders reconstruct both the original and augmented features, giving reconstruction losses £APT and

ATAC
‘Crec

matrix decomposition (e.g., Cholesky). To circumvent this
issue, we adopt an efficient isotropic approximation follow-
ing (Xie et al. 2023), which preserves the variance of each
individual dimension while ignoring inter-dimensional cor-
relations. Specifically, we construct the perturbation vector
as:

5-—0-@)@5“ &

diag(Eg)) stores the running

~ N(07Id)7 (7N

per- dlmensmn standard deviation. The augmented fea-
ture z; for each sample is then obtained by translating z;
along a random direction sampled from N (z;, p(t)ei). The
augmented embedding is:

2 =z + Ve, p = Tpo, @®)

where pg is a base magnitude and the linear schedule p(*)
suppresses noisy covariances in early epochs.

Multi-omics Integration and Reconstruction

After generating covariance-guided augmentations Z =
{Z1,...,2Zn} , we forward both the original and the aug-
mented embeddings through the modality-specific decoders
to recover the input omics features:

ﬁ‘r(ni) = Dec,,(z;),

F% = Decp(z;), m=1,...,M. )
This yields two reconstruction terms:
M
A2
Lic= Y W ||Fn = Fulf, (10)
m=1
M -
Lug =Y W ||[Fon = Fual[;, (1)
m=1

rec

, while a clustering loss Ljyser promotes compactness around prototypes.

where w,, is the weight of modality m. In practice, each
omics layer carries a different signal-to-noise ratio. During
training the learnable adjacency matrices A (Eq. 2) are
refined by a light MLP. To prevent them from drifting too

far away from the data-driven initialisation Am init> W€ in-
troduce a Frobenius-norm regularizer:
['graph = 2M mMLP mlthFHF (12)

Contrastive Clustering of Rare Cell Types

Both the original embeddings {z;} and their
covariance-guided  augmentations  {z;}  participate
in prototype alignment. Define the extended set
Z* = {zy,...,2N,%1,...,2y} Of size 2N and reuse the
pseudo-labels ¢; for both z; and z;. For centroid c; the
positive pool is P, = {u € Z* | g(u) = k}, and the
negative pool is N, = Z%'\ Pj. The temperature-scaled
cluster-contrastive loss becomes:

C A Z; exp(u' ¢k /7)
uE
Ccluster = _5 Z 1Og 1 . T y (13)
k=1 N exp(v' cx/7)
veZeXt

where u,v € Z*™" are embedding vectors, and the numera-
tor averages over both real and augmented positives and the
denominator normalises over all 2N embeddings. Includ-
ing z; enlarges minority clusters in the positive set, yielding
stronger prototype attraction and sharper decision bound-
aries without introducing additional raw data. In the early
stage, due to the inaccurate features extracted by the model,



the clustering results in the early stage were not good. There-
fore, we set A\ and 3 to be very small in the early stage,
usually 0.001 and 0, respectively, and then the gradients in-
creased.

Overall Formulation
The the final training objective is:

Ctotal = Lrec + Egraph + A Eaug + 6£c1uster7 (14)

where L. encourages faithful reconstruction of the in-
put features, Lonpn regularizes the learned adjacency ma-
trices to remain close to the data-driven initial graphs,
Lag improves robustness by enforcing consistency under
covariance-guided augmentations, and Ljyser promotes dis-
criminative clustering via prototype-based contrastive learn-
ing. A and [ are scalar weights that balance the contribution
of the augmentation and clustering terms.

Experiments
Experimental Settings

Datasets We evaluate our method on five publicly avail-
able benchmarks that cover real and synthetic spatial multi-
modal scenarios, including HLN, MB, Simulation, Stereo-
CITE-seq, and SPOTS datasets. Human Lymph Node
Dataset (HLN) (Long et al. 2024) is a spatial transcrip-
tome analysis dataset derived from human lymph node sec-
tions, which contain RNA sequencing data, Antibody De-
rived Tag (ADT) data, spatial coordinates, and manual anno-
tations for 3484 spots. Mouse Brain Dataset (MB) (Zhang
et al. 2023) is a spatial epigenome transcriptome mouse
brain dataset, which is collected from juvenile mouse brain
sections (P22) with paired ATAC-RNA dataset and three
spatial CUT & Tag-RNA dataset; MB has 9196 spots used
after SpatialGlue preprocessing. Labels are unavailable, so
RNA/ATAC cluster consistency is used for validation. Sim-
ulation Dataset (Long et al. 2024) is a spatial multi-modal
omics simulation dataset, which has ADT-seq, ATAC-seq,
and RNA-seq modalities and spatial coordinates, with three
modalities and explicit labels for 1296 spots, used to stress-
test model behavior under known ground truth. Mouse Thy-
mus (Stereo-CITE-seq) (Liao et al. 2023) is a spatial tran-
scriptome analysis dataset. A multi-modal slice of mouse
thymus providing RNA and ADT plus spatial coordinates
for 4697 spots. SPOTS Mouse Spleen (SPOTS) (Ben-
Chetrit et al. 2023) is derived from simultaneously se-
quenced mouse spleen tissue samples, with transcriptome,
proteome sequencing, and retaining 2568 spots.

Dataset Epoch Learning rate  Weight decay
HLN 50 0.01 5x 1073
MB 200 0.001 2 x 1072
Simulation 300 0.01 5x 1072
SPOTS 200 0.01 5% 1073
Stereo-CITE-seq 300 0.01 5x 1072

Table 1: Experimental settings.
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Baselines and Metrics We compare our approach with
eight state-of-the-art baselines: MOFA+ (Argelaguet et al.
2020), MultiVI (Ashuach et al. 2023), Total VI (Gayoso et al.
2021), CiteFuse (Kim et al. 2020), STAGATE (Dong and
Zhang 2022), PAST (Li et al. 2023), SpatialGlue (Long et al.
2024), PRAGA (Huang et al. 2025). For fairness, we follow
the data preprocessing steps described in the original papers
of each baseline. Performance is assessed by nine clustering
metrics: MI, NMI, AMI, FMI, ARI, V-measure, F1-score,
Jaccard, and Completeness.

Preprocessing and hyperparameters All datasets are
preprocessed and configured according to the settings in
prior work. For fair comparison, all baselines follow the
hyperparameter configurations reported in their original pa-
pers. Our model uses the following settings: number of train-
ing epochs (Epoch), learning rate, and weight decay, as de-
tailed in Table 1. The augmentation magnitude 3 is set to
0 for the first 100 epochs and 1 thereafter. For the modality
weights A, we use {0.05,0.5,1} on HLN (epochs 0-5, 5-
15, >15) and {0.01,0.2,0.5} on all other datasets (epochs
0-100, 100-200, >200).

Comparison Experiments

Quantitative results Tables 2, 3, and 4 present the scores
of CRCT against eight state-of-the-art baselines on the three
benchmarks described. CRCT is never worse than second
and attains the best result in almost every metric. On the
HLN dataset, CRCT outperforms the second-best method
by +1.46 NMI, +0.98 FMI and +1.72 ARIL On the more
challenging MB dataset, the margins are even larger: +1.72
NMI, +7.37 FMI and +7.76 ARI. Even on the synthetic
benchmark, where PRAGA is close to optimal, CRCT still
adds about +0.31 NMI, +0.20 FMI and +0.26 ARI.

SpatialGlue ° % PRAGA % CRCT - %
e 3 %}‘;_ 3 e e 3
o e 4 ~ % e 4 ~ e 4
o ® 50 ® 50 *5
L 3 3E s
s - 8 S| e85 o8
€5): : . % < 20
UMAP1 o1 UMAP1 o1 o1
SpatialGlue : 2 PRAGA .32 03
s 2 o5 o5
N 6 N ®6 N e 6
o 7 0O 7 O 7
s S S 8
-] 10 DO 10 O 10
12 2 12
UMAP1 13 UMAP1 13 13
SpatialGlue PRAGA
e
[
g, Xy S 1
<A e 3K .,:' e 3 e 3
5 Y G A . d
b
: -8 -
UMAP1 UMAP1 UMAP1
(a) SpatialGlue (b) PRAGA (¢) CRCT(Ours)

Figure 3: UMAP embeddings on HLN (top), MB (middle)
and Simulation (bottom). Columns correspond to Spatial-
Glue, PRAGA and CRCT (ours).



Methods MI(%) NMI(%) AMI(%) FMI(%) ARI(%) V-Measure(%) F1-Score(%) Jaccard(%)
MOFA+ 65.06 3491 34.49 37.67 22.73 3491 36.96 22.67
CiteFuse 45.35 23.34 22.86 27.57 12.51 23.38 26.15 15.04
TotalVI 25.51 14.72 14.14 26.59 6.45 14.72 26.55 15.31
MultiVI 12.03 7.01 6.43 26.16 3.73 7.01 26.15 15.04
STAGATE 1.42 0.79 0.12 20.83 0.22 0.79 20.73 11.56
PAST 58.82 33.60 33.14 41.42 24.64 33.60 41.41 26.11
SpatialGlue 66.52 36.07 35.65 39.16 23.83 36.07 38.79 24.06
PRAGA 71.66 37.99 37.58 39.84 25.61 37.99 38.90 24.15
CRCT (Ours) 71.40 39.45 39.04 42.40 27.33 39.45 42.18 26.73
A -0.26 +1.46 +1.46 +2.56 +1.72 +1.46 +3.28 +2.58

Table 2: Comparison of CRCT with other baseline methods across the Human Lymph Node Dataset. The A row shows the

improvement over the second-best result.

Methods MI(%) NMI(%) AMI(%) FMI(%) ARI(%) V-Measure(%) F1-Score(%) Jaccard(%)
MOFA+ 19.58 8.64 8.38 15.59 4.39 8.64 15.59 8.45
CiteFuse 47.48 19.46 19.05 17.96 8.24 19.46 17.89 9.82
MultiVI 17.88 8.47 8.22 18.12 3.81 8.47 17.58 9.63
STAGATE 48.45 21.25 21.03 22.36 12.21 21.25 22.36 12.59
PAST 69.49 29.13 28.76 24.54 14.63 29.13 24.54 13.99
SpatialGlue 95.54 37.83 37.53 33.78 26.33 37.83 33.01 19.77
PRAGA 95.55 39.37 39.06 35.07 27.06 39.37 35.02 21.23
CRCT (Ours) 96.09 41.09 40.85 42.44 34.82 41.09 42.43 26.93

A +0.54 +1.72 +1.79 +7.37 +7.76 +1.72 +7.41 +5.70

Table 3: Comparison of CRCT with other baseline methods across the Mouse Brain Dataset. The A row shows the improvement

over the second-best result.

Qualitative visualisation Figure 3 illustrates the two-
dimensional UMAP projections of HLN, MB, and Simu-
lation embeddings produced by SpatialGlue, PRAGA and
CRCT. Three consistent observations emerge: (i) Clusters
produced by CRCT are more compact and mutually sep-
arated than those of the baselines, especially for rare or
boundary cell types (e.g., cluster 7 in MB). (ii) On the Sim-
ulation dataset, CRCT recovers all five classes cleanly; Spa-
tialGlue merges clusters 1 and 2, while PRAGA shows mild
mixing. (iii) Across datasets, CRCT preserves global geom-
etry better, avoiding the elongated or folded manifolds visi-
ble in the baseline plots.

SpatialGlue PRAGA CRCT
N 1N e 1 N 1
s :g E :
a 13 - :
i
spatial1 spatial1 spatial1
(a) SpatialGlue (b) PRAGA (¢) CRCT(Ours)

Figure 4: Spatial domain reconstruction on the Simulation
dataset. CRCT best matches the ground truth, while Spatial-
Glue and PRAGA exhibit domain mixing.
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Figure 4 further compares spatial domain assignments on
Simulation. SpatialGlue incorrectly merges the upper-left
domains, PRAGA mislabels a small fraction of spots,
whereas CRCT faithfully reconstructs the ground-truth
cross-shaped pattern with only a few isolated errors. These
visual trends corroborate the quantitative gains, confirm-
ing that covariance-guided augmentation and dynamic pro-
totype refinement jointly improve both cluster compactness
and spatial coherence.

Ablation Study

To assess the individual role of implicit semantic augmenta-
tion, we created three simplified variants of our model. The
first variant, denoted L,.g, computes reconstruction exclu-
sively on augmented embeddings, discarding the real ones.
The second variant, Ly, applies augmentation only to the
clustering term; reconstruction is performed on real embed-
dings. Ablation results in Table 5 demonstrate that each vari-
ant improves over the baseline, indicating that covariance-
guided noise helps alleviate overfitting and highlights mi-
nority clusters. The full CRCT configuration, which applies
augmentation to both reconstruction and clustering, achieves
the highest performance on every dataset, showing that the
two loss components act in a complementary fashion: recon-



Methods MI(%) NMI(%) AMI(%) FMI(%) ARI(%) V-Measure(%) F1-Score(%) Jaccard(%)
MOFA+ 1.02 0.58 -0.23 21.32 0.39 0.58 21.27 11.90
CiteFuse 1.23 0.66 -0.10 17.17 0.03 0.66 16.56 9.03
TotalVI 1.36 0.72 -0.02 15.93 -0.09 0.72 15.03 8.12
MultiVI 1.22 0.77 -0.05 25.20 -0.01 0.77 25.05 14.32
STAGATE 7.40 391 391 17.25 1.56 3.91 16.23 8.83
PAST 2.09 1.18 1.18 19.17 0.07 1.18 18.91 10.44
SpatialGlue 150.13  96.97 96.97 98.21 97.69 96.98 98.21 96.48
PRAGA 152.07  98.26 98.26 98.97 98.67 98.26 98.97 97.97
CRCT (Ours) 152.62 98.57 98.56 99.17 98.93 98.56 99.17 98.35
A +0.55 +0.31 +0.30 +0.20 +0.26 +0.30 +0.20 +0.38

Table 4: Comparison of CRCT with other baseline methods across the Spatial Multi-modal Omics Simulation Dataset. The A

row shows the improvement over the second-best result.

Methods MI(%) NMI(%) AMI(%) FMI(%) ARI(%) V-Measure(% ) F1-Score(%) Jaccard(%)
PRAGA 71.66  37.99 37.58 39.84 25.61 37.99 38.90 24.15
Lluster 71.34  38.87 38.46 42.13 27.35 38.87 41.78 26.41
Laug 72.12  39.20 38.79 41.39 26.36 39.20 41.07 25.84
CRCT (Ours) 7140 39.45 39.04 4240 27.33 39.45 42.18 26.73
A vs PRAGA -026 +1.46 +1.46 +2.56  +1.72 +1.46 +3.28 +2.58

Table 5: Ablation Study on HLN Dataset. The A row shows the improvement over the PRAGA baseline.

struction maintains cross-modal fidelity, whereas prototype-
aware clustering sharpens decision boundaries.

Parameter Sensitivity Experiments

We conduct the augmentation loss weight A sensitivity
analysis on MB dataset. The A controls the intensity of
prototype-based implicit augmentation. Figure 5 shows that
performance increases with A up to 0.5 and declines be-
yond, validating the effectiveness of moderate augmenta-
tion strength in balancing diversity and semantic consis-
tency. The optimal X\ value of 0.5 represents a balance be-
tween augmentation diversity and semantic consistency. Val-
ues below 0.3 provide insufficient augmentation, while val-
ues above 0.7 introduce excessive noise that degrades clus-
tering performance.

——MI ——ARI

F1-Score ——Jaccard
0

—+—NMI| —»—FMI
AMI| —+—V-Measure

——Completeness

Agg ' ' ) ' '
X a5
V40 e . P .
0 30
OB *——————
0 20

0.2 0.4

Figure 5: Parameter sensitivity experiments for A on MB
dataset.
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Conclusion

In this paper, we presented CRCT, a novel framework de-
signed to address the challenge of clustering rare cell types
in spatial multi-modal omics data. By leveraging implicit se-
mantic data augmentation (ISDA) and adaptive graph learn-
ing, CRCT overcomes key limitations such as data sparsity,
high dimensionality, and class imbalance. Unlike traditional
methods that rely on explicit synthetic samples, CRCT dy-
namically estimates intra-class covariance matrices and per-
turbs features along semantically meaningful directions in
the latent space. This approach effectively enhances the rep-
resentation of rare cell populations while preserving biolog-
ical fidelity. Our extensive experiments on four real-world
datasets (HLN, MB, Stereo-CITE-seq, and SPOTS) and one
synthetic benchmark demonstrate CRCT’s superior perfor-
mance, achieving improvements of up to +1.7 NMI and +7.8
ARI over state-of-the-art baselines. We believe this work not
only advances the field of spatial multi-omics analysis but
also inspires further research into methods for uncovering
rare yet biologically significant cell states.
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