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Abstract
Spatially resolved transcriptomics integrates gene
expression with spatial coordinates to decode tis-
sue microenvironments. Existing methods predom-
inantly utilize graph structures to model relation-
ships between spots. However, their performance
is bottlenecked by the reliability of gene feature
graph, facing the following hurdles: (1) ubiquitous
housekeeping genes cause high-expression spots to
densely connect with heterogeneous spots, leading
to a skewed graph structure; (2) information re-
duction during Highly Variable Gene (HVG) se-
lection results in the loss of intrinsic local struc-
tures. To address these challenges, we propose
a Spot-Adaptive Structural Rectification method,
called SASR. Specifically, SASR employs a hy-
perspherical expansion constraint that projects gene
expression profiles onto a unit hypersphere to maxi-
mize angular distances, effectively separating spots
falsely clustered by high total counts. Simultane-
ously, a topological consistency constraint repairs
structural fractures caused by HVG selection via
aligning latent embeddings with the local struc-
tures of the raw full-gene space. The complemen-
tary synergy balances angular discriminability with
topological fidelity for accurate clustering. Ex-
periments demonstrate that SASR effectively cor-
rects structural biases and surpasses state-of-the-art
methods in spatial clustering.

1 Introduction
Spatially Resolved Transcriptomics (SRT) is a transforma-
tive approach that integrates gene expression with spatial co-
ordinates to decipher tissue architecture [Ståhl et al., 2016;
Williams et al., 2022]. While single-cell RNA sequencing
excels at exploring tissue heterogeneity [Ziegenhain et al.,
2017; Zhai et al., 2023], its dissociation process results in
the loss of positional information and obscures cell-cell inter-
actions [Liao et al., 2021]. To overcome this limitation, spa-
tially resolved technologies such as Slide-seq [Rodriques et
al., 2019] analyze transcriptomes. These advancements not
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Figure 1: (a) Graph structural skewness occurs after HVG selec-
tion, where heterogeneous spots are erroneously aggregated towards
high-expression spots. (b) Our method constructs rectified embed-
dings projected onto a unit hypersphere, explicitly forcing the dis-
persion of these falsely aggregated spots by maximizing angular
distance(θ) to mitigate the structural skewness.

only enable the reconstruction of molecular landscapes but
also allow for the precise identification of coordinated cel-
lular responses in complex pathological conditions like neu-
rodegenerative diseases [Chen et al., 2020].

To effectively tackle the high-dimensional complexity of
SRT data, the scientific community has shifted from tradi-
tional statistics to advanced artificial intelligence, especially
deep learning [Khan et al., 2024; Zhai et al., 2023]. Graph
Neural Network(GNN) is a predominant framework for mod-
eling intricate relationships between tissue spots [Liu et al.,
2024]. GNN constructs a graph where nodes and edges (spa-
tial proximity) leverage gene expression, spatial coordinates,
and histological images to identify spatial domains. By inte-
grating spatial context, these graph-based frameworks facili-
tate precise unsupervised cell clustering and the discovery of
functional subtypes [Li et al., 2022].

The reliability of gene feature graph construction serves
as a critical bottleneck for GNN in integrating spatial infor-
mation with gene expression data. Generally, existing meth-
ods primarily rely on selecting Highly Variable Gene (HVG)
to construct node features [Long et al., 2023; Zhang et al.,
2024]. Some approaches further augment gene expression
matrices [Xu et al., 2022] or fuse multi-modal information
with spatial structures [Dong and Zhang, 2022] to improve
gene graph representation.

However, these methods encounter the following predica-
ments: (1) The pervasive influence of housekeeping genes
leads to overly dense and distorted connections between high-
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Figure 2: Let Ok(s) as the k-occurrence, signifying the number of
instances where spot s is found within the k-nearest neighbors of
other spots. (a) SK represents the skewness of the distribution of
Ok(s) for each dataset. Higher SK values indicate a more significant
aggregation and a more skewed graph structure. (b) The maximum
Ok(s) value for each dataset, representing the maximum number of
times any single spot appears as a k-nearest neighbor.

expression spots and heterogeneous spots, inducing graph
structural skewness, as illustrated in Fig. 1(a). Adopting nor-
malization and scaling pre-processing after HVG selection
cannot alleviate this impact. These procedures merely al-
ter the magnitude but do not resolve the dominant source of
the vector’s direction. (2) Inevitable information loss during
HVG selection and other dimensionality reduction methods
can degrade the intrinsic local structure of gene expression
data. This reduction in the quantity of information may dis-
rupt the inherent pairwise relationships between spots, further
diminishing the expressive power of the graph. As evidenced
by the significantly high SK values[Radovanović et al., 2009]
in Fig. 2(a), the graph structure constructed via HVG selec-
tion exhibits severe skewness. Furthermore, Fig. 2(b) re-
veals that some spots become neighbors to thousands of oth-
ers, indicating that the graph structural skewness arises be-
cause multitudes of other spots are aggregated towards these
high-expression spots, thereby disrupting a reasonable graph
topology[Radovanovic et al., 2010].

To address these challenges, we propose a novel Spot-
Adaptive Structural Rectification method, called SASR,
specifically designed to construct a reliable gene feature
graph by learning rectified embeddings. SASR employs
a two-pronged approach leveraging complementary con-
straints. As illustrated in Fig. 1(b), the hyperspherical expan-
sion constraint projects gene expression profiles onto a unit
hypersphere, normalizing feature vectors to unit length so
that discriminability depends solely on directional patterns.
By explicitly maximizing inter-spot angular distances, this
mechanism forces the dispersion of falsely aggregated spots,
effectively disentangling spots that are erroneously clustered

due to high total counts. Concurrently, the topological con-
sistency constraint rectifies structural fractures introduced by
HVG selection. This is achieved by explicitly aligning the
low-dimensional latent embeddings with the local structures
of the raw full-gene expression space, thereby preserving in-
trinsic pairwise relationships. These two constraints function
in a complementary manner. SASR strikes a balance between
maximizing angular discriminability and maintaining topo-
logical fidelity. As demonstrated in Fig. 2, the synergistic
application of the two constraints leads to a substantial re-
duction in SK values, indicative of a more accurate and less
skewed graph structure.

Our main contributions are summarized as follows:

• To the best of our knowledge, our proposed SASR is
the first work to identify and address the issue of graph
structure skewness caused by spot aggregation in gene
feature graph construction for spatial transcriptomics.

• We employ a hyperspherical expansion constraint to
project gene features onto a unit hypersphere, maximiz-
ing inter-spot angular distances to disperse falsely aggre-
gated spots. This is complemented by a topological con-
sistency constraint that aligns latent embeddings with
the raw full-gene space to repair structural fractures.
Crucially, the synergy between these constraints bal-
ances angular discriminability with topological fidelity
to ensure accurate clustering.

• Extensive experiments on multiple benchmark datasets
substantiate the effectiveness of SASR. It significantly
outperforms state-of-the-art methods in spatial cluster-
ing. These results confirm its capability to rectify struc-
tural biases and enhance downstream analysis.

2 Related Work
In spatial transcriptomics analysis, the construction of gene
feature maps is a critical step that fuses gene expression and
spatial information to learn high-quality node representations.
While standard workflows typically initiate this process by re-
ducing data dimensionality through filtering highly variable
genes and using normalized expression vectors[Zhu et al.,
2024; Xiao et al., 2025c], these basic inputs often fail to cap-
ture the full complexity of tissue microenvironments. Con-
sequently, recent approaches have sought to generate more
informative representations by enhancing the intrinsic fea-
ture matrix or employing multi-modal strategies to better re-
solve cellular heterogeneity. For instance, DeepST[Xu et al.,
2022] innovatively fuses gene expression correlation, mor-
phological similarity and spatial distance prior to PCA di-
mensionality reduction. stMMR[Zhang et al., 2024] utilizes
vision transformer and GCN to deeply align gene and im-
age features. Advanced self-supervised and generative mod-
els have been introduced to optimize features. SEDR[Xu et
al., 2024] employs masked self-supervised learning to de-
rive robust representations. DiffusionST[Cui et al., 2025]
utilizes diffusion models to denoise high-dimensional gene
vectors reshaped into ”pseudo-images”. Furthermore, inno-
vations regarding the graph structure itself have emerged.
STAGATE[Dong and Zhang, 2022] constructs a ”cell-type
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Figure 3: The overall framework of the proposed SASR. We construct a spatial graph from physical coordinates and a gene feature graph
based on the rectified embedding Zrec, which is learned by the spot-adaptive structural rectification method via hyperspherical expansion
and topological consistency constraints. Subsequently, multi-view features are propagated and adaptively fused using GCNs. Finally, model
optimization is achieved through ZINB reconstruction and spatial regularization.

aware” graph by pruning inter-region connections to preserve
tissue boundaries and CCST[Li et al., 2022] introduces a hy-
brid adjacency matrix combined with graph contrastive learn-
ing to refine the final node embeddings.

Beyond representation learning, advanced clustering
strategies are essential for identifying distinct spatial do-
mains. STMACL[Gao et al., 2025] introduces a graph self-
supervised framework that combines modularity maximiza-
tion with contrastive learning. Addressing the specific noise
characteristics of spatial data, DUSTED[Zhu et al., 2025a]
proposes a dual-attention denoising autoencoder. It utilizes a
gene-channel attention module to handle heterogeneous noise
levels across genes and a graph attention module to capture
spatial dependencies. STAlG[Yang et al., 2025] focuses on
multi-modal integration and batch effect correction through a
graph contrastive learning framework. Finally, SCGDL[Liu
et al., 2023] combines deep graph learning with Bayesian
clustering in a dual-layer architecture. It uses deep graph
infomax and residual gated GCN for high-level feature em-
bedding, coupled with a Bayesian gaussian mixture model at
the lower level to achieve adaptive clustering.

Despite the substantial progress achieved by these feature
enhancement and clustering paradigms, current methods face
limitations. The phenomenon of point aggregation during
graph construction and the loss of local structure during di-
mensionality reduction can lead to skewed graph structures.
This work investigates and aims to mitigate these issues.

3 Methodology
This section begins with the overall framework of the pro-
posed SASR method, as illustrated in Fig. 3. Then, we detail
the components of the network, concluding with the mathe-
matical formulation of the optimization objective.

3.1 Overview of SASR
The proposed SASR consists of three main components: (i)
spot-adaptive structural rectification for graph construction,
(ii) multi-view GCN propagation, and (iii) spatial domain
constraints. SRT data are processed to construct a spatial
graph and a rectified gene feature graph. The gene feature
graph is optimized by the SASR method to correct struc-
tural skewness via hyperspherical and topological constraints.
Subsequently, the multi-view GCN encodes these graphs to
extract and adaptively fuse spatial and transcriptomic fea-
tures. Finally, the unified representation is optimized under
ZINB reconstruction and spatial regularization constraints to
ensure high-fidelity clustering.

3.2 Spot-adaptive Structural Rectification
Standard graph construction methods suffer from a skewed
graph structure caused by ubiquitous housekeeping genes
connecting heterogeneous spots, and a loss of intrinsic lo-
cal structures due to information reduction during HVG se-
lection. To construct a high-fidelity feature graph for reli-
able downstream clustering, we propose SASR method. This
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method learns a rectified embedding Zrec by performing
spot-adaptive structural rectification that effectively separates
falsely clustered spots while repairing structural fractures.
Modeling Intrinsic Topological Probabilities. To remedy
the structural fractures caused by HVG selection, we need to
capture the intrinsic pairwise relationships present in the raw
full-gene space. Let X ∈ RN×Dfull denote the raw expres-
sion profiles of N spots with genes by genes of Dfull dimen-
sions. We model the intrinsic topology as a conditional prob-
ability distribution G, where gj|i represents the likelihood of
spot j being a “true neighbor” of spot i. Using a gaussian
kernel in the high-dimensional raw space:

gj|i =
exp

(
−∥xi − xj∥2/2σ2

i

)∑
k ̸=i exp (−∥xi − xk∥2/2σ2

i )
, (1)

where σi is an adaptive variance tailored to the local density
of spot i. To ensure symmetry, we define the target affinity
matrix P with entries, where the elements pij are defined as:

pij =
gj|i + gi|j

2N
. (2)

This distribution P serves as the ground truth for topolog-
ical fidelity, preserving the fine-grained local structures that
are often lost during standard dimensionality reduction.
Hyperspherical Rectified Embedding. To address the
skewed graph structure caused, we design a parametric map-
ping function fθ : X → Zrec, where Zrec ∈ RN×d denotes
the rectified latent embedding. Significantly, we enforce a
strict unit hypersphere constraint to eliminate magnitude bias.
The rectified representation zrec,i for spot i is defined as:

zrec,i =
fθ(xi)

∥fθ(xi)∥2
, s.t. ∥zrec,i∥2 = 1. (3)

On this unit hypersphere, the similarity between spots is
determined solely by angular alignment, effectively filtering
out the influence of total counts[Trosten et al., 2023].We con-
struct the rectified latent distribution Q, where the elements
qij are defined using an exponential kernel to represent the
matching probability:

qij =
exp(z⊤rec,izrec,j/τ)∑
k ̸=i exp(z

⊤
rec,izrec,k/τ)

, (4)

where τ is a temperature parameter controlling the sharpness
of the distribution.

To construct a high-fidelity feature graph, we aim to align
the latent distribution Q with the intrinsic topology P by min-
imizing the Kullback-Leibler divergence[Hershey and Olsen,
2007]. We decompose this optimization into two synergistic
components that work in complementary directions.
Hyperspherical Expansion Constraint. To separate spots
falsely clustered by high total counts, we employ the hyper-
spherical expansion constraint (Lexp). This term serves as
a repulsive force by minimizing the log-partition function.
Geometrically, it explicitly maximizes inter-spot angular dis-
tances, forcing the embeddings to spread uniformly across the
hypersphere to correct dense connectivity:

Lexp = log
∑
m,n

exp(z⊤rec,mzrec,n). (5)

Topological Consistency Constraint. To repair the struc-
tural fractures caused by HVG selection, we introduce the
topological consistency constraint (Ltopo). This term acts as
an attractive force. Maximizing the dot product weighted
by the intrinsic probability pij , it explicitly aligns the low-
dimensional embeddings with the local structures of the raw
full-gene space. This ensures that biologically similar spots
remain proximal:

Ltopo = −
∑
i,j

pij(z
⊤
rec,izrec,j). (6)

The final objective is a weighted combination of these two
constraints, governed by a trade-off coefficient γ ∈ [0, 1]:

Lsasr = γLexp + (1− γ)Ltopo. (7)

Leveraging the Zrec rectified by Lsasr, we construct the
gene feature graph Agene using the k-nearest neighbor algo-
rithm. The adjacency matrix is formally defined as:

Aij
gene =

{
1, if zrec,j ∈ Nk(zrec,i),

0, otherwise,
(8)

where Nk(zrec,i) denotes the set of k-nearest neighbors of
spot i based on the cosine similarity of their embeddings.

3.3 Multi-view GCN Propagation
To comprehensively learn latent representations from spa-
tial and transcriptomic perspectives, we employ a multi-view
GCN. This architecture consists of two parallel branches that
process the normalized gene expression matrix Xgene (con-
taining the top-3000 HVGs) as node features, utilizing dis-
tinct graph structures to capture complementary information.

We formulate a spatial proximity graph, denoted by the ad-
jacency matrix Aspa ∈ {0, 1}N×N , leveraging the available
physical coordinates S. A connection is established between
two distinct spots, i and j, provided that their Euclidean dis-
tance falls within a fixed radius threshold r. Mathematically,
the adjacency matrix is defined as:

Aij
spa =

{
1, if ∥Si − Sj∥2 ≤ r,

0, otherwise.
(9)

With both the spatial graph Aspa and gene feature graph
Agene established, the propagation rule for a GCN layer is
given by:

H(l+1) = σ(D̃− 1
2 ÃD̃− 1

2H(l)W(l)), (10)

where Ã = A+ I is the adjacency matrix with self-loops, D̃
is the corresponding degree matrix, H(l) is the feature matrix
at layer l (with H(0) = Xgene), W(l) is a trainable weight
matrix, and σ is a non-linear activation function. The two
branches generate view-specific embeddings as follows:

Zspa = GCNspa(Xgene,Aspa), (11)
Zgene = GCNgene(Xgene,Agene), (12)

where GCNspa and GCNgene are multi-layer GCNs with sep-
arate parameters.
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Figure 4: (a) Ground truth annotations of the human breast cancer dataset. (b) Spatial clustering results produced by SASR and baseline
methods. (c) UMAP projection of the learned latent representations.

The fused representation Zf ∈ RN×d is obtained by adap-
tively integrating the outputs of the two branches:

Zf = Fusion(Zspa,Zgene), (13)
where Fusion(·) function represents an attention-based adap-
tive integration.

We concatenate the view-specific embeddings to learn im-
portance weights via an MLP, which are L2-normalized and
applied element-wise to rescale the features[Schmidhuber,
2015; Ioffe and Szegedy, 2015]. The re-weighted embeddings
are finally concatenated and projected to generate the unified
representation[Deng et al., 2025a; Xiao et al., 2025b].

3.4 Spatial Domain Constraints
To capture the global probability distribution of gene expres-
sion and preserve spatial neighbor coherence in the final em-
bedding, we introduce two critical constraints applied to the
fused representation Zf .
ZINB Loss. Considering the high sparsity and over-
dispersion inherent in ST data, we utilize a ZINB decoder
to reconstruct the raw expression matrix X[Eraslan et al.,
2019]. The decoder maps Zf to estimate three parameters of
the ZINB distribution for each spot i and gene j: the mean µ,
dispersion θ, and dropout probability π. The reconstruction
loss is defined as the negative log-likelihood:

Lzinb = −
N∑
i=1

M∑
j=1

logZINB(Xij | µij , θij , πij). (14)

Spatial Regularization Loss. To ensure that the learned em-
beddings respect the physical tissue structure, we impose a
spatial regularization constraint[Hu et al., 2021]. This loss
encourages spatially adjacent spots to have similar represen-
tations while pushing non-neighbors apart in the latent space
Zf . It is formulated as:

Lreg = −
N∑
i=1

∑
j∈Ni

log σ(z⊤i zj) +
∑
k/∈Ni

log σ(−z⊤i zk)

 ,

(15)
where Ni denotes the set of spatial neighbors for spot i, and
σ(·) is the sigmoid function. This constraint prevents the
model from learning spatially incoherent patterns, thereby en-
hancing the smoothness of the identified domains.

3.5 Total Loss Function
The overall objective function is formulated as:

L = Lsasr + αLzinb + βLreg, (16)

where α and β are hyperparameters that control the contribu-
tion of the ZINB reconstruction loss and the spatial regular-
ization constraint[Deng et al., 2025b].

By minimizing L, our model simultaneously learns bio-
logically meaningful representations while preserving spatial
coherence and correcting structural biases.
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Metrics Methods 151669 151670 151671 151672 151673 151674 151675 151676 HBC MBA

ARI

DeepST[NAS’22] 45.44 36.48 51.61 48.52 50.68 54.68 52.31 56.83 53.13 25.63
Spatial-MGCN[BIB’23] 39.04 35.05 60.15 77.35 60.42 59.61 54.48 57.48 64.32 42.46
stLearn[Nat. Com.’23] 32.24 22.79 35.69 34.02 30.31 38.04 38.03 39.62 55.26 38.42
stMMR[GigaSci’24] 42.45 37.41 54.82 57.50 62.18 50.71 55.69 57.49 65.65 47.26
MAFN[TKDE’24] 59.54 48.34 83.26 77.14 57.34 48.95 49.88 54.32 61.88 43.58
stDCL[Adv. Sci.’25] 57.00 44.74 66.74 69.82 61.81 48.05 57.60 57.49 55.73 42.05
BMCST[Inf. Fus.’25] 61.36 60.20 82.94 78.39 63.80 54.46 57.61 58.30 67.98 48.34
SASR(ours) 65.59 60.95 86.46 80.54 62.65 61.31 60.21 59.82 68.65 53.51

NMI

DeepST[NAS’22]] 52.89 52.33 64.28 61.53 67.16 69.75 64.13 70.69 68.75 56.71
Spatial-MGCN[BIB’23] 58.51 55.62 72.24 75.18 67.55 69.34 66.57 66.99 69.11 71.13
stLearn[Nat. Com.’23] 49.18 40.63 54.44 47.37 49.47 54.38 55.62 56.21 62.64 65.52
stMMR[GigaSci’24] 53.59 49.15 66.56 68.27 69.18 60.89 64.55 68.13 69.65 68.16
MAFN[TKDE’24] 64.35 60.82 79.15 78.52 65.91 61.95 64.45 67.44 69.32 72.76
stDCL[Adv. Sci.’25] 63.11 58.68 73.91 72.96 70.20 65.11 67.11 66.20 67.80 70.75
BMCST[Inf. Fus.’25] 70.58 63.61 78.84 79.40 69.23 65.48 67.44 68.74 71.83 70.96
SASR(ours) 71.58 65.51 79.50 81.70 67.33 70.40 68.70 66.61 69.80 72.89

Table 1: Performance comparison on ten datasets. The best and second-best results are highlighted in bold and underlined, respectively.

4 Experiment

4.1 Experimental Settings

Datasets. We evaluate our method on ten benchmark spatial
transcriptomics datasets generated by the 10x Genomics Vi-
sium platform. These include the human breast cancer (HBC)
dataset, which encompasses 20 regions and 36,601 genes, and
the mouse brain anterior (MBA) tissue, containing 32,285
genes annotated with 52 distinct regions. Additionally, we
utilize eight slices from the human dorsolateral prefrontal cor-
tex (DLPFC, 151669–151676)[Maynard et al., 2021]. These
slices feature manual annotations of six cortical layers and
white matter. Specifically, slices 151669–151672 consist of
five annotated regions, while the remaining slices are divided
into seven regions.
Competing Methods. We evaluate the efficacy of our model
against seven competitive baselines, namely DeepST[Xu et
al., 2022], Spatial-MGCN[Wang et al., 2023], stLearn[Pham
et al., 2023], stMMR[Zhang et al., 2024], MAFN[Zhu et
al., 2024], stDCL[Yu et al., 2025] and BMCST[Zhu et al.,
2025b]. All comparative experiments were performed using
the default hyperparameters.
Training Details and Metrics. We implemented SASR us-
ing PyTorch on a single NVIDIA GeForce RTX 3090 GPU.
Prior to training, we followed standard quality control with
SCANPY to filter low-quality spots and retained the top 3,000
highly variable genes (HVGs) after scaling normalization.
These processed HVGs serve as the node feature input for the
multi-view GCN, while the gene feature graph is constructed
using the rectified embeddings learned by SASR. The model
was trained using the Adam optimizer with an initial learning
rate of 0.001 and a weight decay of 5 × 10−4. The train-
ing process spanned at least 150 iterations to ensure conver-
gence. To quantitatively evaluate clustering performance, we
employed the Adjusted Rand Index (ARI)[Meilă, 2007] and
Normalized Mutual Information (NMI)[Xiao et al., 2025a],
multiplying all scores by 100 for presentation.

4.2 Comparison Analysis
Table 1 presents a comprehensive quantitative evaluation on
ten spatial transcriptomics datasets, including eight slices
from the DLPFC, the HBC dataset, and the MBA dataset.
The benchmarking covers seven state-of-the-art approaches,
ranging from established deep graph learning models to re-
cent multi-modal frameworks. Among them, SASR demon-
strates robust and consistent superiority. Quantitatively, it
achieves the highest ARI scores on 9 out of 10 datasets and
secures the top NMI scores on 7 out of 10 datasets. For in-
stance, on the DLPFC slice 151669, SASR outperforms the
closest competitor (BMCST) by a significant margin of 4.23
ARI points Similarly, on the complex HBC dataset, which is
characterized by intricate tumor boundaries and high noise
levels, SASR attains the highest ARI of 68.65%. This vali-
dates its capability to accurately dissect heterogeneous tumor
microenvironments where standard methods fail. Even when
compared to the most recent and competitive methods like
stDCL and BMCST, SASR maintains a distinct advantage,
highlighting the effectiveness of our spot-adaptive structural
rectification strategy in mitigating graph bias and handling
diverse tissue architectures.

Complementing these quantitative findings, Fig. 4 provides
a qualitative visualization of spatial clustering results on the
HBC dataset. Fig. 4(a) displays the manually annotated layer
structure, serving as the ground truth. As shown in Fig. 4(b),
SASR produces more anatomically coherent and biologically
meaningful clusters compared to other baselines. Methods
like DeepST and stLearn exhibit significant noise and frag-
mented clusters and fail to capture the continuous tissue struc-
ture. In contrast, SASR effectively delineates the boundaries
between different tumor regions and healthy tissues. Addi-
tionally, the UMAP visualizations in Fig. 4(c) further confirm
that the embeddings learned by SASR form well-separated
and compact clusters even compared to recent methods like
stDCL, demonstrating its ability to effectively capture both
functional and structural tissue patterns with superior accu-
racy and biological consistency.
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Variants ARI NMI

151672 151673 151674 151675 151676 HBC MBA 151672 151673 151674 151675 151676 HBC MBA

w/o Lexp 81.75 53.77 56.04 58.06 51.69 56.37 45.70 77.34 64.26 63.28 67.96 63.66 64.35 66.72
w/o Ltopo 80.29 51.79 58.00 56.95 52.99 56.54 45.68 75.74 58.63 64.20 67.43 63.91 66.86 65.97
w/o Lzinb 78.55 49.80 49.83 51.50 50.59 57.93 46.12 74.93 64.96 62.53 64.22 61.22 61.77 67.30
w/o Lreg 81.92 42.68 43.20 52.43 46.14 62.49 43.67 77.60 55.62 56.74 65.03 59.65 63.58 65.29

SASR 80.54 62.65 61.31 60.21 59.82 68.65 53.51 81.70 67.33 70.40 68.70 66.61 69.80 72.89

Table 2: Ablation study of each component in SASR. We report the ARI and NMI metrics on seven datasets. The best results are highlighted
in bold.

Figure 5: Comparison of ARI and NMI for different γ values on the
MBA dataset.

4.3 Ablation Studies
This section presents an ablation study to examine the impact
of each component in our SASR model. The ablation exper-
iments are categorized into four sections, and Table 2 shows
the ARI and NMI performance across seven datasets.
Effect of Lexp. As shown in Table 2, removing Lexp results
in a 17.89% ARI drop on the HBC dataset. This highlights
its critical role in maximizing angular distances to separate
spots falsely clustered by high total counts, thereby securing
the necessary geometric space for accurate clustering.
Effect of Ltopo. The absence of Ltopo leads to a 17.6%
ARI drop on HBC. This validates that aligning latent embed-
dings with the raw full-gene space effectively repairs struc-
tural fractures caused by HVG selection, ensuring biologi-
cally similar spots remain proximal.
Effect of Lzinb. Removing Lzinb causes an 18.7% ARI drop
on slice 151674. This confirms the ZINB decoder’s critical
role in modeling global expression distributions to effectively
mitigate noise caused by sparsity and over-dispersion.
Effect of Lreg . Removing Lreg reduces ARI by 31.8% on
slice 151673. This confirms its importance in preserving spa-
tial coherence by bringing spatial neighbors closer in the la-
tent space.

Overall, the full SASR model consistently achieves the
highest performance across all datasets and metrics, demon-
strating that the synergistic integration of these four compo-
nents is essential for accurate spatial clustering.

4.4 Parameter Analysis
We investigate the sensitivity of the coefficient γ in SASR,
balancing the hyperspherical expansion and topological con-
sistency constraints. Fig. 5 illustrates clustering performance
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Figure 6: Comparison of ARI and NMI for different α and β com-
binations on the MBA dataset.

on the MBA dataset as γ increases from 0.1 to 0.7. Results
demonstrate consistently robust performance, peaking at γ
=0.3. This indicates that a balanced synergy between max-
imizing angular discriminability and preserving local topol-
ogy is critical for accurate structural rectification. Conse-
quently, γ =0.3 is adopted as the default.

Building on the internal calibration of SASR, we further
evaluate the total loss components. The model adopts a dual-
hyperparameter architecture, where α and β weigh the con-
tributions of the ZINB reconstruction loss and the spatial reg-
ularization loss relative to the core structural rectification loss
(Lsasr). Fig. 6 depicts the ARI and NMI performance land-
scape across different parameter combinations. Experimental
results indicate that the model achieves optimal performance
when α = 1 and β = 1. This configuration provides the best
trade-off between gene expression fidelity and spatial coher-
ence and is adopted as the default.

5 Conclusion
In this paper, we proposed SASR, a method designed to
resolve the reliability bottleneck of gene feature graphs in
spatial transcriptomics. Compared with existing methods,
SASR explicitly addresses the graph structural skewness in-
duced by ubiquitous housekeeping genes and the topological
fractures caused by HVG selection. We formulated a spot-
adaptive structural rectification strategy: the hyperspherical
expansion constraint maximizes angular distances to disperse
falsely aggregated spots, while the topological consistency
constraint aligns latent embeddings with the local structures
of the raw full-gene space. This synergy effectively generates
a reliable graph topology. Extensive experiments substantiate
that SASR significantly outperforms state-of-the-art methods,
confirming its capability to rectify structural biases for accu-
rate spatial clustering.
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