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Abstract
Spatial transcriptomics (ST) enables the simultaneous measurement of gene expression and spatial context, offering unprecedented

insights into tissue architecture and cellular communication. However, existing approaches often fail to jointly capture spatial topology

and transcriptional heterogeneity, leading to suboptimal representations and limited biological interpretability. To address this limitation,

we propose stCAMBL, a biased multi-view contrastive framework that integrates spatial graph structure modeling w ith attentive feature

masking and partial contrastive regularization. Built upon a variational graph autoencoder backbone, stCAMBL learns biologically informed

and noise-robust embeddings by adaptively emphasizing informative molecular features while mitigating confounding patterns across

spatial domains. Comprehensive evaluations on multiple 10× Visium datasets demonstrate that stCAMBL substantially improves clustering 
accuracy, gene ontology enrichment, and signal restoration, demonstrating strong generalizability for high-fidelity ST analysis.

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/27/3/bbag215/8675954 by M

ax-Planck Society user on 17 June 2026

http://orcid.org/0000-0001-9086-3982
http://orcid.org/0000-0002-0309-1409
http://orcid.org/0000-0003-2046-2109

 -1172 23331 a -1172 23331 a
 
mailto:danyangwu@nwafu.edu.cn
mailto:danyangwu@nwafu.edu.cn
mailto:danyangwu@nwafu.edu.cn

 45804 24327
a 45804 24327 a
 
mailto:hequan.sun@xjtu.edu.cn
mailto:hequan.sun@xjtu.edu.cn
mailto:hequan.sun@xjtu.edu.cn
mailto:hequan.sun@xjtu.edu.cn


2 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

Graphical Abstract 

Keywords spatial transcriptomics, spatial clustering, variational graph auto-encoder, contrastive learning, trajectory, downstream

analysis

• • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • •

Introduction 
The spatial organization and morphology of individual cells within 
tissues are fundamental to understanding development, homeostasis,

and disease progression [1]. Traditional bulk and single-cell RNA 
sequencing technologies have transformed transcriptomic profiling; 
yet, they inevitably disrupt tissue architecture and lose spatial context

during sample preparation, which limits the ability to infer gene

expression patterns.

Recent advances in spatial transcriptomics (ST) have bridged this 
critical gap by enabling simultaneous measurement of gene expres-

sion and spatial coordinates within intact tissues. These technologies 
have been successfully applied to tumor microenvironment char acter-

ization, developmental trajectory reconstruction, and biomarker dis-

covery, significantly extending their impact from fundamental biology

to clinical translation [2]. 
Early analytical frameworks for ST primarily focused on delineat-

ing spatial domains and identifying spatially variable genes (SVGs)

using statistical or correlation-based approaches. Representative

methods, such as SpatialDE [3], Trendsceek [4], SPARK [5], and 
BayesSpace [6] modeled gene expression variation through Gaussian 
processes, spatial autocorrelation, or Bayesian hierarchical infer-

ence. Moreover, the introduction of deep learning has shifted ST 
analysis from handcrafted statistical inference toward data-driven 
representation learning. Graph neural networks (GNNs) have become 
particularly prominent for modeling S T data, as they naturally encode

the topological relationships among spots or cells. By representing

spatial locations as nodes and their proximity as edges, these

frameworks learn non-linear and context–aware relationships among

cells. Methods such as SpaGCN [7] and stLearn [8] integrate spatial 
coordinates, gene expression, and histological features through graph 
convolutional architectures to achieve refined tissue segmentation

and enhanced interpretability.

In particular, graph contrastive learning (GCL) has emerged 
as a powerful alternative for learning robust spatial embeddings 
without labeled supervision. GCL aims to learn invariant and 
discriminative embeddings by contrasting positive and negative 
sample pairs, thereby enhancing global consistency and robustness 
without labeled supervision. Existing GCL-based methods generally

follow two methodological directions. The first line of research

applies contrastive learning within a single modality, focusing on

improving spatial or topological coherence in graph representations.

Representative approaches such as GraphST [9], SpaGCL, and scGCL

[10] design graph-level or node-level contrastive objectives to align 
local neighborhoods and reduce fragmentation in spatial structures. 
The second direction extends GCL to a multi-view or multimodal

setting, motivated by the fact that ST data inherently encompass

complementary molecular, spatial, and histological information.

Methods such as ConST [11] and STCL integrate multi-scale spatial 
or morphological features through multi-view contrastive objectives, 
improving embedding robustness and cross-modal consistency.

Recent frameworks like DeepMAPS [12] further highlight the potential 
of multimodal GCL in unifying single-cell and spatial data.

Despite the aforementioned developments, it remains evident 
that current ST models still struggle to achieve unified and robust

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/27/3/bbag215/8675954 by M

ax-Planck Society user on 17 June 2026



Briefings in Bioinformatics, 2026, Vol. 27, Issue 3 | 3

spatial representations. Existing frameworks often suffer from three 
key challenges. First, reconstruction-driven graph learning models, 
although effective at preserving local neighborhood similarity, tend 
to neglect the global probabilistic structure of gene expression,

leading to incomplete representation of spatial heterogeneity across

tissues or slices [13, 14]. Benchmark studies further show that 
while expression-driven designs can capture global transcriptomic 
variability, overemphasis on high-variance regions may distort tissue

structures and underrepresent local expression information [15, 16]. 
Second, self-supervised strategies often use biologically agnostic 

masking, which amplifies noise and obscures informative features,

leading models to learn sequencing artifacts rather than biological

signals [17, 18]. 
Third, contrastive learning typically treats all negative pairs equally, 

creating an embedding–ignoring conflict that weakens discriminative

power; correcting this bias is essential for robust representations

[19, 20]. 
To address these challenges, we propose stCAMBL, a unified biased 

multi-view contrastive learning with attentive masking framework 
for ST analysis. stCAMBL incorporates a variational graph autoen-

coder (VGAE) to capture the probabilistic relationships among spa-

tial spots, aligning latent embeddings with the true gene expres-

sion distribution and mitigating the limitations of discretized adja-

cency graphs. In addition, a differentiated masking based on principle 
components (DMPC) mechanism is introduced to adaptively select 
and perturb informative features based on their biological impor-

tance, thereby improving self-reconstruction and enhancing signal 
robustness. Finally, a partially ignored contrastive learning strategy is

designed to selectively down-weight false negatives that share contex-

tual similarity, effectively resolving the embedding–ignoring conflict

and improving representational stability. To ensure cohesive opti-

mization, these components are integrated under a multi-loss frame-

work, where reconstruction, variational, and contrastive objectives

are linearly combined to balance topology preservation and embed-

ding discrimination. We further benchmark stCAMBL across multiple

ST platforms, including 10× Genomics Visium, Slide-seq, Stereo-seq, 
and NanoString GeoMx DSP, demonstrating its superior performance 
in data reconstruction, signal enhancement, and downstream bio-

logical analyses such as spatial domain identification, gene ontology 
enrichment, and pseudotime inference. T ogether, these results con-

firm that stCAMBL achieves a balanced and biologically consistent

spatial representation, providing a comprehensive solution to the

major limitations of existing ST learning paradigms.

Materials and methods

Overview of the stCAMBL framework

The proposed stCAMBL framework aims to learn biologically con-

sistent and structure-preserving representations from ST data. Given 
an expression matrix and spatial coordinates, stCAMBL constructs 
a spatial graph where each spot is treated as a node and edges 
represent spatial or morphological proximity. A VGAE encodes both 
local and global dependencies to align latent embeddings with the 
underlying gene expression distribution. At the contrastive learning 
stage, stCAMBL generates multiple graph views through edges and fea-

ture perturbations, enabling multi-view consistency learning across 
different structural augmentations. DMPC module selectively perturbs 
informative molecular features based on their biological importance, 

improving self-reconstruction and noise robustness. Meanwhile, a 
partially ignored contrastive strategy adaptively down-weights con-

textually similar negatives to alleviate the embedding–ignoring con-

flict and enhance representation stability. To further promote sepa-

ration of cellular subpopulations, a hyperspherical loss is introduced

to maximize inter-class distance while maintaining compact intra-

class distributions in the latent space. All components are jointly opti-

mized within a unified multi-loss framework combining reconstruc-

tion, variational, contrastive, and hyperspherical objectives, resulting

in discriminative low-dimensional embeddings for downstream anal-

yses, such as clustering, trajectory inference, and denoising.

Data prepr ocessing

Considering that ST gene expression data typically follow a zero-

inflated negative binomial (ZINB) distribution [21–24], directly using 
raw count matrices often leads to suboptimal model performance. 
Therefore, a series of preprocessing steps is applied to improve input

data quality prior to downstream modeling.

We applied normalization, standardization, and principal compo-

nent analysis to the raw data Xori, yielding the final processed data

X ∈ R
Nspots×dPCA ,  whe  re dPCA represented the number of retained 

principal components, and it was fixed at 200 as inspired by SEDR in 
all cases. This choice provides a good balance between information

preservation and computational efficiency for our model. Detailed

formulas are provided in the Supplementary File. 

Multi-view differentiated masking strategy

To effectively capture complementary molecular perspectives while 
enhancing feature robustness, stCAMBL introduces a multi-view dif-

ferentiated masking strategy. This module constructs multiple per-

turbed feature views from the PCA-transformed expression matrix

and applies probabilistic, component-aware masking to emphasize

biologically informative signals while suppressing noise.

Multi-view feature construction
Given the PCA-reduced feature matrix X ∈ RNspots×dPCA , stCAMBL gen-

erates two perturbed versions X(1) and X(2) by randomly dropping a 
small proportion of features, resulting in three complementary views:

X(0) = X, 

X(1) = DropFeat(X, r1), 

X(2) = DropFeat (X, r2),

(1)

where DropFeat(X, r) denotes randomly zeroing out r proportion of 
columns in X. r1 and r2, the specific values of r, are set to 0.4 and 
0.5, respectively, in all cases. These three feature matrices are con-

catenated along the feature dimension to form a unified multi-view

representation:

Xmv = [ X(0) ‖ X(1) ‖ X(2) ], 

Xmv ∈ RNspots×D , D = 3dPCA.
(2)

This design enables the encoder to perceive both global consistency

(main view) and local perturbation (auxiliary views), promoting fea-

ture invariance across multiple perspectives.
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Differentiated masking based on principal components
To further enhance biological interpretability, stCAMBL introduces 
a DMPC mechanism that adaptively assigns demasking probabilities 
according to the ranked importance of PCA components. For each view

v ∈  {0, 1, 2}, we partition the columns of the corresponding feature

matrix X(v) into three groups. We select 50 and 100 as the numerical

threshold of the partitioning.:

G(v) 
1 = {1, .  .  . , 50}, 

G(v) 
2 = {51, .  .  . , 100 },

G(v)

3 = {101, . . . , 200}.

(3)

Each group is assigned a distinct demasking probability (pH, pM, pL), 
satisfying 0 < pL < pM < pH ≤ 1. The probability weight πj for each 
feature dimension j is defined as: 

πj = 

⎧⎪⎪⎪⎨ 

⎪⎪⎪⎩ 

pH, X(v) 
j ∈ G(v) 

1 , 

pM, X(v) 
j ∈ G(v) 

2 , 

pL, X(v) 
j ∈ G(v) 

3 ,

1

D

D∑
j=1

πj = ρ, ρ ∈ [0.3, 0.5, 0.7] (4)

where ρ ∈ [0, 1] represents the cell mask rate, which controls the 
overall proportion of masked nodes during the representation learn-

ing process. Although ρ is set to 0.7 by default, when encountering 
certain special datasets, such as NanoString Lung and 10× Visium 
Lung, which exhibit more sparse biological signals, ρ can also be 
selected from the discrete set 0.3, 0.5, 0.7 to preserve more information

(e.g. ρ = 0.5 for NanoString Lung and ρ = 0.3 for 10× Visium Lung). 
A subset of spots SPsub ∈ R

Nspots×ρ ·D is randomly sampled for 
masking. For each masked row i, a binary vector mi ∈  {0, 1}D is 
sampled as 

mi,j ∼ Hypergeometric(πj), (5)  

and the masked feature vector is obtained as

x̃i = mi � xmv 
i , (6)

where � denotes elementwise multiplication. Non-sampled rows are 
preserved as original features:

x′
i = 

⎧⎨ 

⎩x̃i, i ∈ SPsub, 

x mv
i

, otherwise.
(7)

Here, xmv 
i represents a row of Xmv. The resulting masked matrix X ′ ∈ 

R
Nspots× D encodes multi-view stochastic perturbations while retaining 

higher-weighted principal components with greater probability. This 
design ensures that the model preferentially focuses on highly infor-

mative dimensions across all views, which substantially improves

clustering and downstream interpretability as demonstrated in the

DMPC experiments.

Feature encoder for latent representation

The masked multi-view feature matrix X ′ ∈ RNspots× D obtained from 
the DMPC process is subsequently fed into a feature encoder to derive

a compact latent representation Zf . The encoder consists of two 

sequential linear blocks, each composed of a linear transformation, 
batch normalization, exponential linear unit (ELU) activation, and

dropout regularization. The forward propagation can be expressed

as:

H(1) = Dropout
(
ELU(BatchNorm(W1X ′ + b1))

)
, 

Zf = Dropout
(
ELU(BatchNorm(W2H(1) + b2))

)
,

(8)

where W1 ∈ RD×Dhidden , W2 ∈ RDhidden× Df , b1 ∈ RDhidden , and b2 ∈ R Df

are learnable parameters. Dhidden = 3 · dhidden, dhidden = 64 and 
Df = 3 · df , df = 32. The resulting embedding matrix Zf ∈ RNspots× Df

(Df = 3 · df , df = 32 in this study) encodes biologically meaningful 
and noise-suppressed features. Through the DMPC-guided masking, 
the encoder learns to reconstruct consistent and invariant embed-

dings from incomplete feature views, which enhances robustness and

improves generalization. The learned representation Zf serves as the 
feature-level embedding branch of stCAMBL and will later be fused

with the graph-based variational embedding Zg to jointly capture 
molecular dependencies and spatial structures.

Construction of graph for spatial transcriptomics data

To capture the intrinsic spatial organization of tissue sections, we

construct an unweighted and undirected graph G = (V , E),  whe  re

V = {v1, v2, .  .  . , vNspots } represents the set of spatial spots and E ⊆ V ×V

denotes the set of edges describing spatial proximity relationships

between spots.

For each spot, its 12 nearest neighbors based on Euclidean distance, 
which only relies on the spatial coordinates of the spots (x, y), are

selected to define its local neighborhood, resulting in the initial adja-

cency matrix Aori ∈ RNspots×Nspots ,  whe  re Aori(i, j) = 1 if node vi is 
connected to vj, and Aori(i, j) = 0 otherwise. 

After standard graph computation, Ã ∈ RNspots×Nspots is acquired and 
used by the stCAMBL model. Detailed formulas are provided in the

Supplementary File. 

Variational graph autoencoder fr amework

While the feature encoder focuses on molecular-level representation 
learning, it lacks the ability to explicitly model spatial dependencies 
among tissue spots. To complement this limitation, stCAMBL employs

a VGAE framework, which introduces probabilistic graph inference

to capture both local connectivity and global structural uncertainty

[25]. Compared with conventional graph autoencoders, the variational 
formulation enables the model to approximate the underlying dis-

tribution of spatial interactions r ather than fixed adjacency patterns,

thereby enhancing robustness to noise and irregular spatial layouts.

Given the normalized adjacency matrix Ã ∈ RNspots×Nspots and the 
feature embedding Zf obtained from the encoder, two graph convolu-

tional layers are applied to infer the mean and variance of the latent

variable distribution:

μ = Ã · ReLU(ÃZf W0) · Wμ, 

log σ = Ã · ReLU( ˜ AZf W0) · Wσ ,
(9)

where W0 ∈ RDhidden× Dg , Wμ ∈ RDf ×Dhidden , and Wσ ∈ RDf × Dhidden

are trainable weight matrices. By sampling a Gaussian noise term

ε ∼ N (0, I ), the latent embedding for each spot is generated through
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the reparameterization trick: 

Zg = μ + σ � ε, (10)

where � denotes elementwise multiplication. The resulting graph

embedding Zg ∈ RNspots× Dg encodes the probabilistic spatial relation-

ships and preserves neighborhood continuity across the tissue. We

set Dg = 3 · dg , dg = 32 in all experiments to ensure compatibility 
with the feature embedding dimension. Finally, the two branches are 
concatenated to form the unified latent representation: 

Z = [ Zf ‖ Zg ] ∈ RNspots×Demb , Demb = 3 · demb, demb = 64, (11)

which integrates molecular expression information with probabilistic

spatial topology to form a coherent representation for downstream

reconstruction and contrastive learning.

Partially ignored contr astive learning

Traditional graph contrastive frameworks such as deep graph infomax 
(DGI) maximize mutual information between node embeddings and a

global summary representation [26]. However, in ST settings, newer 
works show that such single-view objectives are limited because they 
may ignore fine-grained local spatial adjacency dependencies and can

lead to suboptimal embedding continuity [27, 28]. To alleviate this 
problem, and motivated by recent advances in representation debi-

asing for self-supervised models [29], we propose a partially ignored 
contrastive learning (PICL) strategy under a dual-view setting tailored

for spatial latent representation learning.

Given the normalized feature matrix X and adjacency matrix Ã 
derived from spatial coordinates, independent random dropout oper-

ations at the level of cells are first applied at distinct ratios, which 
leads to two augmented graph views that preserve the intrinsic local 
topology of tissue structure. 

(X1, A1) = Augment(X, Ã, r1), 

(X2, A2) = Augment(X, Ã, r2), 

v ∈ {1, 2}, r1 = 0.4, r2 = 0.5 

(12)

Each augmented view captures slightly different biological perturba-

tions or measurement noise, mimicking variability in real ST profiles.

The two views are then fed into the stCAMBL encoder, the combined

name for the Feature Encoder and the VGAE producing embeddings

Z1, Z2 ∈ R
Nspots×demb and corresponding masked f eature matrices

X ′
1, X ′

2. The pairwise similarity matrix S ∈ RNspots×Nspots is computed 
via scaled c osine similarity:

Sij = exp
(

θ(z1,i, z2,j) 
τ 

)
, (13)

where θ(·) denotes cosine similarity and τ , which is set to six in all 
cases, is a temperature coefficient.

To facilitate the explanation below, we define the concepts of pos-

itive and negative sample pairs. A positive sample pair refers to the

same spot in two auxiliary views, whereas a negative sample pair

refers to two different spots.

During contrastive optimization, we observe that certain spatially 
proximal spots, although biologically similar, may be incorrectly 

treated as negative pairs, which means the embedding vectors 
of different nodes. These false negatives exert excessive gradient

influence, causing large local fluctuations and destroying spatial

smoothness in the latent embedding. To identify and mitigate such

unstable regions, we define a gradient influence score GINP(i,j) = 
Siter 

ij − Siter-1 
ij , iter ≥ 1 for each negative pair (vi, vj), and determine an 

ignore set IgS containing the top r% of pairs that produce the strongest 
gr adient shifts:

IgS = {  (i, j) | GINP(i,j) > GIr}.

Pairs belonging to IgS are partially disregarded during contrastive 
optimization. Specifically, partial disregarding refers to a dynamic and 
tempor ary suppression mechanism rather than permanently remov-

ing these negative pairs. Algorithmically, IgS is constructed based on 
the similarity variation between the current similarity matrix and that 
from the previous iteration, and the reference similarity is overwritten 
after each iteration. As a result, the ignored pairs are partial and 
temporal, which means that a pair suppressed at the current stage

may no longer satisfy the selection criterion in later stages and thus

can resume contributing to the contrastive loss.

To dynamically balance the optimization strength, we introduce

a compensation coefficient α that rescales the effective contrastive 
magnitude: 

α =
∑Nspots 

i=1

∑Nspots 
j=1 eθ(z1,i ,z2,j)/τ

∑Nspots 
i=1

∑Nspots 
j=1 

(i,j)/∈IgS 
eθ(z1, i ,z2,j)/τ

. (14)

A compensation factor φ is further introduced to stabilize conver-

gence:

φ =
(

1 − 
1 
α

)
· 1 

Nspots 

Nspots∑
i =1

Sii. (15)

Together, α and φ correct for the optimization bias introduced 
by partially ignored negative pairs, ensuring that spatially consis-

tent yet biologically distinct regions remain separable in the latent 
space. By selectively down-weighting spatially misleading negatives

while preserving topological integrity, the PICL strategy effectively

mitigates embedding and ignoring conflict, yielding smoother and

more biologically coherent latent manifolds for ST representation

learning.

Multi-loss joint optimization

To achieve a biologically coherent and geometrically consistent latent 
representation, stCAMBL jointly optimizes five complementary loss 
functions, each addressing a distinct aspect of S T representation learn-

ing. Together, they ensure accurate feature reconstruction, spatial

topology preservation, contrastive stability, and embedding compact-

ness.

First, the self-reconstruction loss Lrec constrains the model to 
recover original expression features from reconstructed represen-

tations, thereby minimizing the information loss during feature
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compression: 

Lrec = 
Nspots∑

i=1

‖xi − x̂i‖2 . (16)

We then construct X̂ to represent the reconstructed feature matrix

of the stCAMBL model, where x̂i is a row of X̂,  with  i ranging f rom 1 to

300.

Second, the graph-based variational loss Lgcn encourages the recon-

structed adjacency matrix Â to align with the original Ã, while narrow-

ing the divergence between the empirical and latent data distributions

through a Kullback–Leibler term:

Lgcn = BCELoss(Ã, Â) + KL(P ‖ Q), (17)

where q(z) = N (μ, diag(σ 2 )) and p(z) = N (0, I ). 
Third, the self-masking loss Lself reduces inconsistency between 

masked and unmasked features to enhance f eature-level reconstruc-

tion consistency across different masking subspaces:

Lself = 
1 
2 

⎛ 

⎝SPsub1∑
i=1

‖xi,1 − x′
i,1‖2 + 

SPsub2∑
i=1

‖xi,2 − x′
i,2‖2

⎞
⎠. (18)

Fourth, the contrastive loss Lcsl, based on our proposed PICL strat-

egy, encourages consistent representations between augmented graph 
views while partially ignoring misleading negative pairs that cause

embedding inconsistency:

Lcsl = − log 

⎛ 

⎜⎜⎝ eSii′ /τ 

eSii′ /τ + α
∑Nspots 

k=1 
(i,k)/∈IgS 

(eSik/τ + e Sik′ /τ )

⎞
⎟⎟⎠. (19)

Finally, the hyperspherical uniformity loss Lhsl is introduced to 
regularize the geometric distribution of embeddings on a unit hyper-

sphere: 

Lhsl = 1 − 
1 

Nspots 

Nspots∑
i=1 

Nspots∑
j=1 

cos(zi, zj). (20) 

This term constrains embeddings to remain uniformly distributed on 
a hypersphere, preventing mode collapse and over-concentration in

local regions, which are common issues in contrastive representation

learning. By enforcing angular uniformity, Lhsl enhances class separa-

bility and improves spatial clustering robustness.

The overall optimization objective integrates all c omponents in a

linear combination:

L = λrecLrec + λgcnLgcn + λselfLself + λcslL csl + λhslLhsl. (21)

In this joint framework, Lrec and Lself ensure local feature fidelity,

Lgcn preserves the spatial topology and latent probabilistic structure,

Lcsl enhances discriminative consistency across spatial domains, and

Lhsl provides global geometric regularization.

The weights of loss are λrec = 10, λgcn = 0.5, λself = 4, λcsl = 5, λhsl =
2 by default, but can be changed according to specific case.

Together, these complementary objectives enable stCAMBL to learn 
a smooth, structure-preserving, and biologically interpretable spatial

manifold.

Results 
Using the stCAMBL analysis pipeline (Fig. 1), we evaluated diverse ST 
datasets across multiple platforms, including 10× Visium, Stereo-seq, 
and NanoString GeoMx. These datasets span human DLPFC cortex, 
multiple cancer tissues (RCC, lung cancer), mouse embryonic sections, 
and neurodegenerative disease models. Across all datasets, stCAMBL 
consistently achieved superior clustering performance, delineated 
biologically coherent spatial domains, and uncovered meaningful cel-

lular programs and tissue structures that were difficult to detect in raw

data. Importantly, the reconstructed expression profiles produced by

stCAMBL enhanced signal quality and substantially improved down-

stream analyses such as deconvolution, metagene characterization,

and pseudotime trajectory inference.

stCAMBL achieves significant improvement in 
clustering and region recognition

To quantitatively evaluate clustering performance, we benchmark ed

stCAMBL on the 10× Visium DLPFC dataset, which assesses a model’s 
ability to delineate six cortical layers in the human brain. Using 
the ARI as the primary metric, stCAMBL substantially outperforms 
state-of-the-art methods including GraphST, SEDR, STAGATE, and

Seurat, achieving the highest median ARI of 0.6064 across 12 slices

(Fig. 2a–c). For 83% of the sections (10 out of 12), stCAMBL demon-

strates substantial improvements in clustering performance with 
relatively low variance. However, increased variability is observed 
in a small subset of sections (fov1, fov3, fov6, fov10, and fov20). These 
sections are characterized by extremely sparse gene expression and

highly heterogeneous spatial patterns, which limit the availability of

informative features for contrastive representation learning. Under

such rare yet challenging conditions, the performance of stCAMBL on

related sections may be reduced, thereby resulting in higher variance

in ARI (Fig. 2c). 
Additional clustering metrics of 10× DLPFC and NanoString 

Lung, including AMI, FMI, NMI, Homogeneity, Completeness, and V-

measure, further confirm the robustness of stCAMBL (Figs S1 and S2,

Tables S1 and S2). stCAMBL’s relative underperformance on the 
NanoString lung dataset is primarily due to the limited gene 
dimensionality and high sparsity of the panel-based data, which 
constrains feature-driven representation learning while favoring the

strong spatial priors utilized by baseline methods such as BayesSpace.

Ablation analyses (Figs S3 and S4) demonstrate that removing the 
contrastive loss, masking strategy, GCN module, or hyperspherical 
loss all result in marked performance degradation, confirming the

essential contribution of each component.

We further examined the DLPFC slice 151510 for qualitative com-

parison (Fig. 2b). stCAMBL produced well-defined and biologically 
coherent cortical layers with minimal noise and few misclassified 
regions, closely matching the histological ground truth. In contrast, 
SEDR partially capture the laminar structure but display blurred

boundaries in upper layers, while GraphST and SpaceFlow show large

misassignment areas, misplacing portions of Layer 1 or compressing it
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Figure 1. Overview of the stCAMBL framework. stCAMBL constructs a biased multi-view contrastive learning architecture to jointly model spatial 
topology and gene expression features. From the original expression matrix and spatial coordinates, three complementary graph views are generated 
by feature and edge dropout. Each view is encoded through a differentiated masking autoencoder and a VGAE, which together capture local molecular 
patterns and global spatial dependencies. A partially ignored contrastive module then aligns cross-view embeddings while mitigating false negatives 
through bias-aware weighting. The overall model is optimized via multiple loss functions—including reconstruction, variational, contrastive, self-
masking, and hyperspherical regularization—ensuring stable and biologically consistent representation learning. The learned embeddings can be 
applied to downstream analyses such as clustering, batch integration, and trajectory inference, while the reconstructed data provide denoised and
signal-enhanced expression matrices for ST interpretation.

into unnaturally narrow bands. STAGATE and stLearn generate exces-

sive noise, failing to recover meaningful spatial organization. Overall, 
stCAMBL achieves the most precise and stable delineation of cortical 
architecture among all competing methods, confirming its superior

representation capability for fine-grained tissue structures. Results for

all remaining slices, including clustering maps, UMAP visualizations,

and partial slice integration, are provided in Supplementary Fig. S5. 
We applied stCAMBL to Stereo-seq datasets of mouse embryos at 

stages E9.5 and E10.5 for further validation (Fig. 2d–f). Although the 
original E9.5 dataset contained 12 clusters, we expanded the number 
to 14 for more refined segmentation. Even under the same clustering 
setting, stCAMBL achieves clearer separation of major organs such

as the brain and heart compared with almost all baseline methods.

Clustering results for baseline methods other than GraphST and SEDR

can be found in Supplementary Fig. S6, and all performed with the 
same number of clusters as stCAMBL for fair comparison. Remarkably, 
in the E10.5 embryo, stCAMBL reveals a previously uncharacterized 
spatial cluster (Cluster 14) that exhibits marker gene expression pat-

terns consistent with early vertebral development. This suggested a 

vertebral-like structure at this developmental stage, which could be

experimentally validated to elucidate its functional significance. This

novel discovery highlights stCAMBL’s ability to uncover previously

unrecognized developmental structures and to capture continuous

embryonic trajectories that are often indistinguishable by existing

methods.

Biological validation was further performed using c luster-specific

marker genes (Fig. 2g). In the E9.5 embryo, clusters enriched for neu-

ronal markers including Sncg, Nefl, Nefm, Stmn2, Dcx, Pax3, and Pax7 
corresponds to neural and neural crest regions, confirming accurate 
delineation of the embryonic central nervous system.

At E10.5, Cluster 14 exhibits a spatial pattern that closely resembles 
the morphology of the developing mouse vertebral column, suggesting 
a potential correspondence with this anatomical region. To further

examine this observation, we performed marker gene analysis and

found that Cluster 14 is enriched for Myod1, Myog, and Meox1, canon-

ical markers of skeletal muscle and paraxial mesoderm, as well as Pax3 
and Pax7, which suggest the presence of early somite formation and

myogenic lineage specification [30].
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Figure 2. stCAMBL achieves superior clustering accuracy and biologically consistent spatial domain recognition. (a) Clustering results of repr esentative 
10× Visium DLPFC slices obtained by stCAMBL, showing clear laminar boundaries and improved regional continuity. (b) Comparison among histological 
reference, ground-truth annotation, and clustering outputs of stCAMBL and other state-of-the-art methods (e.g. GraphST, SEDR, and SpaFlow) on 
slice 151510. stCAMBL produces spatial domains that most closely match the annotated cortical layers, while alternative methods exhibit blurred or 
fragmented boundaries. (c) Quantitative benchmarking across datasets, showing boxplots of Adjusted Rand Index (ARI) on 10× DLPFC and NanoString 
Lung Cancer datasets. The box represents the Interquartile Range (IQR), spanning from the first quartile to the third quartile, and the central line 
inside the box represents the median of the ARI values. The whiskers extend to the most extreme data points that a re no more than 1.5 times the IQR
(1.5×IQR) away from the edge of the box. stCAMBL consistently achieves the highest ARI, demonstrating its robustness across tissue types and spatial 
resolutions. (d) Spatial clustering results of Stereo-seq mouse embryo slices at stages E9.5 and E10.5. (e) Three biologically interpretable subregions 
identified by stCAMBL: (1) the developing brain region in E9.5, (2) the cardiac primordium in the same slice, and (3) a newly detected vertebral-like 
region in E10.5. These findings align closely with ACT-based annotations, confirming the biological reliability of stCAMBL’s regional delineation. (f) 
Comparative results of GraphST and SEDR on the same slices using identical clustering parameters, both of which show weaker spatial separation and 
reduced boundary precision relative to stCAMBL. (g) Violin plots of representative marker genes (Thbs2, Flt2, Sox5, Ldlrad4 ) in E10.5 slices, highlighting 
enhanced expression contrast and clearer spatial segregation after stCAMBL reconstruction. (h) Boxplots comparing reconstructed and raw data across 
selected marker genes, showing that stCAMBL markedly strengthens biologically meaningful signals and reduces expression noise. The meaning of 
each component in the boxplot is exactly the same as in (c). (i) Differential expression heatmaps of key markers in raw versus stCAMBL-enhanced data,
further illustrating the model’s ability to amplify structured expression gradients and improve spatial interpretability.
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Notably, the expression of these marker genes shows spatial enrich-

ment within Cluster 14 and forms a contiguous, anatomically plau-

sible pattern, consistent with the expected distribution of paraxial

mesoderm-derived structures in the E10.5 embryo (Fig. 2d–f). 
Together, these spatial and transcriptional features suggest that 

Cluster 14 may correspond to the developing vertebral column, and 
we therefore interpret this finding as a hypothesis-generating obser-

vation rather than a definitive anatomical annotation.

To further evaluate expression-level enhancement, we compared 
representative clusters (1, 5, 6, 9, and 14) across the head, body, and

vertebral regions (Fig. 2h–i). Analysis figures for all clusters can be

found in the Supplementary File (Figs S7–S9). stCAMBL markedly 
improves the visibility and spatial specificity of marker genes, such as

Papps2, Thbs2, Flt2, Ogn, Sox5, and Ldlrad4, showing stronger expres-

sion contrast and reduced background noise. These findings demon-

strate that stCAMBL not only achieves higher clustering accuracy

(Tables S3 and S4, Fig. S10) but also yields spatially and biologically 
meaningful tissue segmentation, uncovering new structural insights

into embryonic development.

stCAMBL’s reconstructed data enhances biological 
interpr etability in human tumor analysis

Predicting cancer progression has long been a major challenge. There-

fore, we applied stCAMBL to the reconstructed data f rom two cancer

tissue datasets—RCC and human lung cancer—to perform down-

stream biological analyses.

RCC tumor microenvironment reconstruction. RCC represents 
the most common and clinically significant subtype of kidney can-

cer, characterized b y strong spatial heterogeneity, cellular plasticity,

and resistance to immunotherapy [31]. Its tumor microenvironment 
involves intricate interactions between PT-derived tumor cells, EMT 
processes, and immune modulation, which makes RCC an ideal system 
to evaluate whether stCAMBL can enhance tumor subregion delin-

eation, reconstruct biologically consistent gene expression profiles,

and facilitate the discovery of disease-associated programs.

We applied stCAMBL to two ST RCC sections captured by Stereo-

seq—one from the tumor–stromal interface and the other from the

tumor core (Fig. 3a). After data reconstruction and clustering, cell-type 
deconvolution on the enhanced expression profiles reveals distinct 
RCC cell distributions across the two regions. Notably, the recon-

structed data exhibit clearer structural gradients and boundary tran-

sitions compared with the raw data (Fig. S11), highlighting stCAMBL’s 
capacity to recover fine-scale spatial organization within heteroge-

neous tumor tissue.

To identify spatially variable and tumor-associated genes, we 
integrated stCAMBL’s reconstructed expression matrix with the

CELINA framework [32], which detects spatial context-specific gene 
expression variation. This analysis reveals several high-confidence

cancer-related genes—including PADI2, ACOT7, ISG15, AGRN, and 
SLC2A5—whose expression peaks are concentrated in the tumor core 
and aligned with histologically defined tumor aggregation zones

(Fig. 3b). Compared with raw data (Fig. S11), stCAMBL-enhanced 
maps show lower background and sharper expression boundaries, 
facilitating the identification of biologically relevant cancer gene

activity patterns.

A metagene analysis was performed to summarize the coordinated 
spatial programs underlying RCC heterogeneity (Fig. 3c–e). Specifi-

cally, we extracted SVGs (ct-SVGs) detected by CELINA from the two

slices and grouped them via K-means clustering (k = 3) according to 
their expression similarity across spatial domains. For each cluster, 
we calculated the mean expression profile to generate three repre-

sentative metagenes and visualized their spatial distribution. This 
approach allows us to compare expression patterns of genes with 
shared spatial similarity and to relate each metagene to functional 
meta-programs, such as PT, MHC-II, and EMT. Notably, metagene 1

in the tumor interface corresponds closely with the PT and MHC-II-

related programs, while metagene 3 in the tumor core is associated

with EMT activation—consistent with RCC’s known progression tra-

jectory [33, 34]. 
To capture tumor developmental dynamics, we performed pseu-

dotime analysis on both tumor slices using Monocle3 [35]  (Fig. 3f–h). 
We plotted pseudotime along the horizontal axis and corresponding 
gene expression levels along the vertical axis for representative 
genes identified in earlier analyses. The reconstructed data exhibit

smoother, biologically coherent expression trends, reflecting more

consistent temporal progression of oncogenic programs. For instance,

the negative slopes of pro-tumor genes S100A11 [36] and CD52 
are attenuated, while the positive slopes of progression-associated

genes S100A2 [37] and ACOT7 [38] are strengthened—aligning with 
expected RCC progression patterns. Quantitative comparisons of R2, 
CV, and correlation metrics demonstrates that stCAMBL reconstructed 
expression profiles achieve higher consistency and lower variance

than raw data (Fig. 3g–h). Collectively, these results demonstrate that 
stCAMBL not only enhances tumor-specific signal quality but also

enables dynamic modeling of cancer progression with improved

biological interpretability.

Spatial heterogeneity in lung cancer. We performed the same 
analyses on the lung cancer tissue sections from 10× Genomics Visium 
platform as we did on the RCC sections, including CELINA-based

deconvolution, metagene analysis, and pseudotime trajectory plotting

(Fig. 4). Compared with other baseline methods, stCAMBL demon-

strates a clear advantage in clustering performance on 10× Visium 
Human Lung sections(Fig. 4a, Fig. S12). stCAMBL’s lower NMI on this 
dataset likely stems from limited expression variability that constrains

global cluster alignment, while local cluster coherence remains stable.

The reconstructed expression profiles generated by stCAMBL 
yield clearer and more coherent cell-type proportion maps for

tumor, macrophage, stromal, and alveolar populations (Fig. 4b). 
Compared with raw data, the enhanced results exhibit stronger spatial 
contrast and expanded tumor infiltration boundaries, improving 
biological interpretability and agreement with histological ground

truth. Compared with GraphST and SEDR, stCAMBL also shows a clear

advantage in enhancing biological signals (Fig. S13). 
SVGs identified by CELINA [32] are grouped into three clusters via 

K-means, and the average expression of each cluster is visualized

as a metagene map (Fig. 4c). Correlation analysis with Hallmark 
pathways [39, 40] reveals three distinct functional modules: metagene 
1 is strongly associated with proliferative and EMT pathways

(EPITHELIAL_MESENCHYMAL_TRANSITION, APICAL_JUNCTION, 
ANGIOGENESIS), indicating active tumor division; metagene 2 
shows weak or neutral correlations, likely reflecting homeostatic

or baseline gene expression; and metagene 3 correlates positively

with KRAS_SIGNALING_DN and MTORC1_SIGNALING,  representing  a  
hypoxia–inflammation module commonly observed in immunosup-

pressive tumor cores [41]. 
Representative progression-related genes such as COL3A1 and 

COL1A2 (linked to proliferation and invasion) and IGKC and SPP1
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Figure 3. stCAMBL reconstructs biologically consistent spatial programs and improves interpretability in clear cell renal cell carcinoma (RCC). (a) RCC 
cell proportion maps in tumor core (top) and tumor–stroma interface (bottom) regions, estimated by CELINA-based deconvolution from stCAMBL-
reconstructed data. (b) Spatial expression patterns of representative cancer-associated genes (PADI2, ACOT7, ISG15, AGRN,  and  SLC2A5) showing 
enhanced contrast and reduced background after reconstruction. (c) Expression distributions of proximal tubule (PT)– and epithelial–mesenchymal 
transition (EMT)-related genes in tumor core and interface slices, revealing stronger EMT a ctivation in the core region. (d) Spatial distributions of 
three metagenes derived from CELINA-identified context-specific SVG (ct-SVGs) grouped by K-means clustering (k = 3). (e) Correlation heatmaps 
between metagenes and biological meta-programs (Stress, EMT, PT, MHC-II, Cell_cycle, and Cell_death) across tumor interface and core, indicating 
that metagene 1 correlates with PT and MHC-II activity in the interface, while metagene 3 aligns with EMT activation in the tumor core. (f) Pseudotime 
trajectories for selected RCC-associated genes (ACOT7, PIK3CD, S100A11, FBXO6, CD52,  a  nd S100A2) constructed using Monocle3. Left: reconstructed data 
showing smoother, biologically coherent temporal trends; right: raw data exhibiting greater noise. (g) Radar chart summarizing overall data quality
improvements in R2 and coefficient of variation (CV), confirming that stCAMBL reconstruction enhances signal consistency and reduces variance. (h)
Comparison of R2 between raw and reconstructed pseudotime fittings, where points below the diagonal indicate improved fitting in reconstructed
data.

(tumor microenvironment markers) display more pronounced 
and biologically consistent pseudotemporal trends than in raw 
data. The reconstructed data produce steeper slopes and reduced

variance across pseudotime, suggesting improved resolution of

tumor developmental dynamics (Fig. 4d–f). These findings collectively 
demonstrate stCAMBL’s ability to robustly identify biologically 
meaningful metagene and temporal programs across heterogeneous

cancer tissues, through enhanced spatial reconstruction and refined

expression signals.

stCAMBL reveals spatial microglial heterogeneity in
Alzheimer’s disease models

Beyond embryonic and oncological contexts, stCAMBL also demon-

strates strong potential in neuroscience, particularly for elucidating 
the mechanisms of neurodegenerative diseases. In Alzheimer’s dis-

ease, microglia, the resident immune cells of the brain, plays a central

role in detecting, surrounding, and clearing amyloid-β (Aβ) plaques. 
By enhancing the expression signals of key microglial genes and 
improving spatial resolution, stCAMBL enables more precise delin-

eation of microglial activation states and their distance-dependent

organization around plaques in the hippocampus (Fig. 5)  [42–45]. 
Applying stCAMBL to ST data from mouse hippocampal sections 

demonstr ated a distance-dependent continuum of transcriptional

states around Aβ plaques. GO enrichment analysis of the 102 highly 
expressed genes revealed that enrichment of pathways such as Fcγ 
receptor-mediated phagocytosis in plaque-proximal cells signifies 
an activated state dedicated to clearing pathological proteins and

contributing to neuroinflammatory remodeling (Fig. 5c). We next 
examined the spatial expression gr adients of representative microglial

genes, including Trem2, Grn, Cfl1, and Picalm (Fig. 5b, d, f). These 
genes exhibit clear distance-dependent expression trends relative to

Aβ plaques: Cfl1 expression increases with distance from plaques,

whereas Trem2, Grn, and Picalm show progressive decreases. Notably, 
when compared with analyses using raw data, these spatial gradients
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Figure 4. Biological analysis of human lung cancer slices based on stCAMBL and CELINA. (a) Ground truth annotation and clustering results obtained 
by stCAMBL, with cluster identities aligned via Hungarian matching. (b) Cell type proportion maps: the first row compares tumor cell distributions 
derived from stCAMBL-reconstructed data (left) and raw data (right); the remaining rows show cell type proportions (e.g. macrophages, stromal 
cells) obtained from reconstructed data. (c) Distribution maps of three metagenes, along with their correlation heatmaps with Hallmark pathways, 
highlighting proliferative, homeostatic, and hypoxia–inflammation modules. (d) Gene expression versus pseudotime scatter plots with fitted regression 
lines, comparing reconstructed data (top) and raw data (bottom). (e) Bar plots comparing reconstructed and raw data in terms of R2, CV, and correlation 
coefficients, confirming the improved quality of reconstructed data. (f) Tumor developmental trajectory map obtained by applying K-means clustering 
on reconstructed data along pseudotime, illustrating predicted metastatic progression.

are largely absent or obscured, underscoring that the reconstructed 
data from stCAMBL more faithfully capture biologically relevant

distance-dependent regulation.

Collectively, these results indicate that microglia form a continuous

activation gradient around Aβ plaques, transitioning from a home-

ostatic to a highly activated state along the spatial axis. During this

process, the marked upregulation of Trem2 reflects the activation of 
a key receptor signaling pathwa y mediating microglial recognition

and encapsulation of Aβ plaques, driving differentiation toward the 
disease-associated microglia phenotype [46]. The enhanced expres-

sion of Grn, a marker of lysosomal and proteolytic system activa-

tion, suggests that microglia engage progranulin-mediated lysoso-

mal homeostasis and anti-inflammatory regulation to mitigate the

local neurotoxic environment [47]. The upregulation of Picalm fur-

ther implies strengthened endocytic and vesicular tr afficking path-

ways, facilitating Aβ uptake and clearance and thereby attenuat-

ing pathological accumulation [48]. Conversely, the downregulation

of Cfl1 reveals suppressed cytoskeletal remodeling and migratory 
capacity, indicating that microglia transition from a highly motile 
surveillance state to a relatively stationary clearance mode, consistent

with reports of global downregulation of cytoskeletal genes in plaque-

associated microglia [49]. 
In summary, the spatial expression pattern delineates a microglial

functional gradient in response to Aβ deposition, from distal home-

ostasis to proximal phagocytosis. stCAMBL provides a high-resolution 
framework to model this gradient, offering a novel perspective on

neuroinflammatory regulation and therapeutic targeting.

stCAMBL ablation analyses

To assess the specific contribution of the DMPC mechanism, we per-

formed ablation experiments on human thoracic and lymph node 
sections using both stCAMBL-DMPC and stCAMBL-Random. In this 
work, stCAMBL-Random adopts the traditional random node mask-

ing method compared with stCAMBL-DMPC, which means randomly 
selecting a node according to a specific masking ratio and perform-

ing complete masking on it. On the breast dataset, stCAMBL-DMPC 
yields cleaner, more coherent spatial clusters with sharper anatomical

boundaries and markedly reduced noise. In the lymph node dataset,

stCAMBL-DMPC better preserves the underlying histological gradient

and correctly delineates darker tissue regions, whereas stCAMBL-

Random produces biologically implausible mixing between central

and peripheral zones. Additionally, the clustering results of all baseline

methods are presented in the Supplementary File (Fig. S14) to facilitate 
understanding of the effects of stCAMBL-DMPC. These results are

summarized in Fig. S15. 

Cross-system and cross-platform validation of
stCAMBL

To demonstrate the robustness and spatial preservation of the model, 
we conducted a sensitivity analysis on weights of loss (Fig. S16) and ρ 
(Fig. S17). Based on the results from the two figures above, although 
the default parameters achieved optimal performance, the overall 
clustering effectiveness of the model demonstrated a relatively stable

trend. This confirms that our model does not exhibit high dependence
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Figure 5. Biological insights of stCAMBL applied to hippocampal ST. (a) The spatial distribution of microglial cells within the section and their distance 
from amyloid plaques. (b) Expression intensity of the four genes within the section (small red dots indicates plaques). (c) GO analysis results of highly 
expressed genes in microglial cells. (d) Differential expression of the four genes as a function of plaque distance, with the lower panels showing the 
raw data and the upper panels displaying the stCAMBL-reconstructed results. (e) Correlation a nalysis among the four genes. (f) Significance analysis
of the relationship between gene expression levels and plaque distance.

on these parameters. A spatial structure preservation assessment

(Fig. S18). Additionally, we provide a commonly used loss weight

table for user convenience (Table S5). On mouse embryo sections, 
we further performed correlation analyses to validate these prop-

erties (Fig. S19). To demonstrate the robustness of stCAMBL-DMPC, 
we conducted the corresponding sensitivity analysis (Fig. S20). To 
validate the reliability of the pseudotime analysis performed on the 
kidney sections, we conducted a binned analysis of the correlation and

Euclidean distance between the reconstructed data and the raw data

(Fig. S21). 
To further evaluate the robustness and generalizability of stCAMBL, 

we conducted additional analyses across multiple biological sys-

tems and ST platforms. First, on soybean cotyledon sections, 
stCAMBL accurately recovered tissue identities, generated clearer

deconvolution maps, revealed coherent metagene structures, and

produced biologically consistent pseudotime trends supported by

GO enrichment (Fig. S22). Second, on the NanoString human lung 
cancer slices and the Stereo-seq mouse forebrain/thalamus datasets, 
stCAMBL yielded sharper cluster boundaries and more reliable tissue

segmentation than existing methods (Fig. S23). Moreover, the ARI 
clustering results of stCAMBL for the complete Nanostring Lung

dataset are presented in Table S6. Finally, using the STARmap mouse 
V1 cortex dataset, stCAMBL achieved precise layer-specific clustering

and restored high-quality marker-gene expression patterns (Fig. S24), 
demonstrating strong generalizability across sequencing-based and 
imaging-based ST technologies. To further explore additional GO 

functions in hippocampus slices reconstructed using stCAMBL, we

conducted a supplementary GO enrichment analysis by relaxing

the preprocessing threshold (Fig. S25). The complete list of marker 
genes used for visualization on mouse embryo sections is provided

in Table S7. To demonstrate that the improvements in clustering 
performance achieved by our method on the 10× Visium DLPFC and 
NanoString Lung datasets are statistically significant, we conducted

paired t-tests (Tables S8 and S9). The time and space complexity of the

algorithms are reported in Tables S10 and S11. For fair comparison, 
we also disclose the detailed procedures used for all baseline methods

(Table S1 2). 

Discussion 
ST has greatly advanced our understanding of tissue organization, yet 
existing computational models still struggle to jointly capture local 
spatial continuity and global probabilistic structure in gene expres-

sion. To overcome these limitations, we propose stCAMBL, a biased

multi-view contrastive learning framework equipped with attentive

masking and variational modeling to produce biologically consistent

and robust spatial representations.

The advantages of stCAMBL arise from the complementary roles 
of its core components. The VGAE module regularizes latent geom-

etry toward meaningful probabilistic distributions rather than rely-

ing solely on discrete adjacency, preserving global spatial continu-

ity. The DMPC masking strategy emphasizes informative principal
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components and suppresses low-confidence noise, improving repre-

sentation stability. The partially ignored contrastive learning further 
mitigates embedding inconsistency by down-weighting false nega-

tives with spatial or functional similarity, yielding more discriminative

and robust embeddings. Together, these modules form a unified self-

supervised framework capable of generating biologically coherent

representations across complex tissue architectures.

Biologically, stCAMBL enables the discovery of spatial patterns that 
are difficult to observe in raw data. In embryonic development, it 
detects fine-scale anatomical domains and uncovers previously unrec-

ognized structures, such as vertebral-like regions. In cancer analysis, 
stCAMBL reconstructs clearer expression gradients in renal and lung 
tumors, improving cell-type deconvolution and identifying metagene 
modules related to EMT, immune activation, and stress responses. In

neurodegeneration, stCAMBL reveals a well-defined microglial acti-

vation gradient around amyloid plaques, aligning with but exceed-

ing the resolution of existing biological observations. These findings

demonstrate that stCAMBL not only enhances computational accuracy

but also unlocks spatially structured biological processes masked by

technical noise.

Compared with reconstruction-centric models, such as GraphST, 
SEDR, and ConST, stCAMBL provide a more biologically informed 
and geometrically consistent representation paradigm. By integrating 
probabilistic encoding, attentive masking, and bias-corrected con-

trastive learning, it balances reconstruction fidelity with discrimina-

tive generalization, bridging the gap between spatial mapping and

mechanistic interpretation.

Despite its strong performance across 10× Visium, GeoMx 
DSP, Stereo-seq, and Slide-seq, opportunities remain for further 
development. Future work will focus on improving scalability, 
incorporating histological image features through multimodal fusion, 
and expanding downstream analysis modules. Enhancing model

usability and computational efficiency will further establish stCAMBL

as a comprehensive and interpretable framework for large-scale ST

studies.

Key Points 

• stCAMBL applies a strategy in which main view’s edges and fea-

tures are randomly dropped according to a predefined ignore rate 
to generate two auxiliary views. The latent representations from 
these two auxiliary views are then fed into the embedding and

ignoring conflict Capturer and Controller for contrastive learning.

• A variational graph autoencoder is introduced to capture the prob-

abilistic relationships among spatial spots, which enables a more

comprehensive spatial representation.

• The model adopts a specialized attentive masking mechanism 
called differentiated masking based on principal components, to 
enhance the model’s denoising capability and quality of recon-

structed data.

• Through a multi-loss joint optimization layer, stCAMBL achieves 
more informative and compact low-dimensional representations. 
Combined with evaluation metrics for clustering and biological 
analyses, the model demonstrates impressive predictive perfor-

mance and broad applicability across diverse spatial transcriptomic

analyses.
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