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Abstract

Existing spatial domain identification methods pri-
marily use graph neural networks to model spa-
tial and transcriptional relationships. However,
their performance is highly sensitive to noisy affin-
ity graphs. Moreover, graph autoencoders tend to
over-constrain latent representations, which lim-
its their ability to capture global variability in
spatial multi-omics data. To overcome these is-
sues, we propose a dual-flow latent refinement
framework that simultaneously integrates structure-
aware and structure-free transformations. Specifi-
cally, a graph normalizing flow is employed to en-
force relational consistency, while a parallel vanilla
normalizing flow preserves global distributional
flexibility. Features learned by the two flows are
then adaptively fused to obtain a robust and unified
latent representations. In addition, we introduce a
grouping belief-based affinity refinement strategy
to suppress unreliable connections and strengthen
confident neighborhood relationships, which pro-
vides a more stable structural prior for represen-
tation learning. Extensive experiments on mul-
tiple spatial multi-omics datasets show that the
proposed method consistently outperforms state-
of-the-art approaches and achieves more accurate
and robust spatial domain identification. The
supplementary material is publicly available at
https://github.com/LiangSDNULab/GBFlow.

1 Introduction
Spatially resolved multi-omics technologies enable the joint
measurement of molecular profiles and spatial coordinates,
providing powerful means to investigate tissue organization,
cellular heterogeneity, and microenvironmental interactions
[Moses and Pachter, 2022; Duan et al., 2023]. A key analyti-
cal task in this context is spatial domain identification, which
aims to delineate coherent tissue regions by jointly leveraging
molecular similarity and spatial proximity [Cai and Li, 2025;
Pham et al., 2023].

∗Corresponding author.

Most existing approaches rely on graph neural networks or
graph autoencoders to model spatial and transcriptional rela-
tionships [Hu et al., 2021; Li et al., 2022]. These methods
construct affinity graphs based on spatial proximity, molecu-
lar similarity, or both, and perform neighborhood aggrega-
tion to capture local context. Representative examples in-
clude HyperGCN [Ma et al., 2024], which models higher-
order spatial interactions via hypergraphs, and SpaMGCN
[Zhang et al., 2025b], which employs multi-scale adaptive
graph convolutions for spatial multi-omics integration. Over-
all, these studies demonstrate that graph-based structural pri-
ors can substantially enhance spatial domain delineation.

However, the effectiveness of graph-based models criti-
cally depends on the quality of the predefined affinity graph
[Kang et al., 2025; Lu et al., 2025]. In practice, spatial graphs
are often constructed using heuristic rules such as k-nearest
neighbors or fixed-radius thresholds, which may fail to re-
flect true biological neighborhoods [Gong et al., 2025]. As a
result, spurious cross-region connections frequently arise, es-
pecially near tissue boundaries or in heterogeneous regions
with complex cellular compositions. Such noisy or mis-
leading edges can propagate erroneous signals across distinct
tissue domains, leading to representation distortion, over-
smoothing, and degraded clustering performance[Jiang et al.,
2025b; Zhang et al., 2025a]. Moreover, once the graph struc-
ture is fixed, most GNN-based methods lack mechanisms
to adaptively correct unreliable connections during training,
making them highly sensitive to graph construction choices.
This issue is also widely observed in general clustering tasks,
where separate graph construction and clustering learning
limits performance and robustness[Jiang et al., 2025a].

More fundamentally, graph autoencoders tend to over-
regularize latent representations, biasing them toward the im-
posed topology and limiting their capacity to capture global
distributional variability. Conversely, structure-agnostic
models lack explicit mechanisms to enforce spatial coher-
ence. Achieving a principled balance between structure-
awareness and distributional flexibility remains an open chal-
lenge.

To address these challenges, we propose GBFlow, a group-
ing belief-guided dual normalizing flow framework for spa-
tial domain identification. GBFlow refines latent repre-
sentations through two complementary flows: a structure-
aware flow that enforces relational consistency using a re-

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

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



fined affinity graph, and a parallel structure-free flow that
preserves global distributional flexibility. The outputs are
adaptively fused to produce robust view-specific embeddings
that capture both spatial coherence and molecular similar-
ity. Additionally, a grouping belief-based affinity refine-
ment (GBAR) strategy suppresses unreliable connections and
strengthens confident neighborhoods. To handle multi-view
spatial omics data, GBFlow integrates preliminary feature
extraction, cross-graph feature integration, inter-omics atten-
tion, and dynamic graph learning, including structure-aware
contrastive learning to enhance global consistency while pre-
serving local diversity. These modules collectively enable
progressive refinement of both view-specific and global affin-
ity graphs, balancing structural constraints with distributional
flexibility.

Our main contributions are summarized as follows:
• We propose a dual-flow latent refinement framework

that jointly integrates structure-aware and structure-free
normalizing flows, enabling a flexible yet consistent rep-
resentation of spatial multi-omics data.

• We introduce a grouping belief-based affinity refinement
strategy that effectively suppresses noisy connections
and enhances reliable neighborhood relations.

• Extensive experiments on multiple spatial multi-omics
datasets demonstrate that GBFlow consistently outper-
forms state-of-the-art methods in both accuracy and ro-
bustness.

2 Related Work
2.1 Single-omics Spatial Domain Identification
Early studies on spatial domain identification primarily relied
on classical clustering methods applied to gene expression
profiles, sometimes combined with spatial smoothing [Sun et
al., 2025; Xu et al., 2025]. While simple and interpretable,
these approaches often fail to explicitly model spatial rela-
tionships, resulting in fragmented or biologically inconsistent
domain assignments.

More recent methods increasingly adopt graph neural net-
works or graph autoencoders to capture both spatial and tran-
scriptional dependencies. Representative approaches include
STAGATE [Dong and Zhang, 2022] and GraphST [Long
et al., 2023], as well as more advanced models such as
SpaMGCN [Zhang et al., 2025b] and HyperGCN [Ma et al.,
2024]. Although these methods achieve improved perfor-
mance, their effectiveness is highly sensitive to the quality of
the predefined affinity graph. Some works attempt to mitigate
this issue through graph refinement or structure learning, such
as UnGSL [Han et al., 2025] and ARO-GNN [Lu and Lin,
2025], but they still rely on a single graph-based transforma-
tion and may over-regularize latent representations, limiting
their ability to capture global variability.

2.2 Multi-omics Spatial Domain Identification
With the increasing availability of spatial multi-omics data,
recent methods aim to integrate heterogeneous modalities to
improve spatial domain delineation. A first line of work in-
corporates histological image information into spatial tran-
scriptomics analysis. SiGra [Tang et al., 2023] integrates

gene expression, immunohistochemistry images, and spatial
information via a hybrid graph transformer, while STMDA
[Wang et al., 2024] employs modality-specific GCNs fol-
lowed by cross-modal distribution alignment to enhance cel-
lular niche identification.

Beyond image-based integration, other approaches focus
on jointly modeling multiple molecular modalities without
relying on imaging data. SpatialGlue [Long et al., 2024]
constructs omics-specific graphs and integrates them through
attention-based cross-modal fusion. PRAGA [Huang et al.,
2025] captures dynamic semantic relations across modali-
ties via latent feature graphs, combining spatial priors with
a prototype-based contrastive learning framework. While ef-
fective, existing spatial multi-omics methods often treat dif-
ferent graphs independently or rely on heuristic fusion strate-
gies, and few explicitly address graph noise or the trade-off
between structural consistency and distributional flexibility.

In contrast, our proposed GBFlow explicitly decouples
structure-aware and structure-free transformations via dual
normalizing flows, and introduces a grouping belief-based
affinity refinement strategy to suppress unreliable connec-
tions, enabling more robust spatial domain identification.

3 Methods
Given a spatial multi-omics dataset consisting of V views,
we denote the multi-view feature matrices as X = {X(v) ∈
Rn×dv}Vv=1, where n is the number of spatial spots (or cells),
and dv is the feature dimension of the v-th view. The central
objective of our framework is to learn a robust view-specific
latent representations Z(v) ∈ Rn×l for each omics view,
along with a unified integrated representation Z ∈ Rn×l.
These representations are designed to effectively capture both
spatial coherence and molecular similarity, thereby enabling
accurate identification of spatial domains through clustering.
At the core of the proposed framework (named GBFlow) lies
the construction and progressive refinement of multiple graph
structures. For each view v, we construct two initial graphs:
the spatial proximity graph A

(v)
1 and the feature similarity

graph A
(v)
2 . These are subsequently refined and integrated

into a fused graph A
(v)
3 , which is further evolved into the fi-

nal refined affinity graph G(v). Key learnable components
of the model include: the dual-branch normalizing flow out-
puts Ẑ

(v)
graph and Ẑ

(v)
plain, their adaptively fused representation

Z̃(v), and the dynamic self-expression graph H(v) employed
for subspace modeling.

The overall architecture of GBFlow integrates four major
modules: (1) Preliminary Feature Learning and Integration,
(2) Dual-flow Latent Refinement, (3) Grouping Belief-based
Affinity Refinement, and (4) Dynamic Graph Learning. All
components are jointly optimized under a unified loss func-
tion L.

3.1 Preliminary Feature Learning and Integration
Feature Learning
To effectively capture the heterogeneous information in spa-
tial transcriptomics data, we construct multiple complemen-
tary graph structures that jointly model spatial proximity and
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Figure 1: The framework of GBFlow. This model consists of seven core modules, namely Feature Learning, Cross-graph Feature Integration,
Inter-omics Integration, Grouping Belief based Affinity Refinement, Dual-flow Latent Refinement, Dynamic Graph Learning, and Cycle
Reconstruction. The Dynamic Graph Learning contains a contrastive learning module. The contrastive learning module is used to enhance
global consistency and local diversity.

transcriptional similarity. For each view v, we first construct
a spatial neighborhood graph A

(v)
1 based on the Euclidean

distances between spatial coordinates. Recognizing that spa-
tial proximity does not always imply functional similarity,
we additionally build a feature-based similarity graph A

(v)
2

in the gene expression space. To mitigate spurious connec-
tions across distinct regions, we refine the spatial graph by
incorporating transcriptional similarity:

A
(v)
1 = A

(v)
1 ⊙A

(v)
2 , (1)

where ⊙ denotes element-wise multiplication.

We then obtain a fused graph that balances spatial continu-
ity and expression consistency as follows:

A
(v)
3 = (1− η(v))A

(v)
1 + η(v)A

(v)
2 , (2)

where η(v) ∈ [0, 1] is a learnable parameter.
Using the spatial graph A

(v)
1 , feature similarity graph A

(v)
2 ,

and the fused graph A
(v)
3 , we employ three graph convolu-

tional encoders to extract view-specific latent representations:

Z
(v)
k = F

θ
(v)
k

(X(v),A
(v)
k ), (3)

where F
θ
(v)
k

(·) denotes a graph convolutional operation.
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Cross-graph Feature Integration
The latent representations obtained from the three graph en-
coders are first concatenated:

(Z′)(v) = [Z
(v)
1 ∥Z(v)

2 ∥Z(v)
3 ]. (4)

To capture inter-feature correlations and adaptively inte-
grate information from different graph views, we apply learn-
able importance weights followed by a projection layer:

Z(v) = F
(
[u

(v)
1 ⊙ Z

(v)
1 ∥u(v)

2 ⊙ Z
(v)
2 ∥u(v)

3 ⊙ Z
(v)
3 ]

)
, (5)

where u
(v)
k represents the learned importance coefficient for

the representation derived from the k-th graph, and F (·) is a
linear transformation.

Inter-omics Integration
To capture cross-modal dependencies across different omics
views, we apply a multi-head self-attention mechanism over
the view-specific representations. The outputs of all attention
heads are concatenated:

Ẑ = Concat
(
Z̃1, Z̃2, · · · , Z̃H

)
, (6)

where Z̃h denotes the output of the h-th attention head. The
final refined representation for each omics view is then ob-
tained by splitting Ẑ along the modality dimension.

3.2 Dual-flow Latent Refinement
Normalizing flows offer an invertible and probabilistic frame-
work for mapping a simple base distribution to a complex tar-
get distribution via a sequence of bijective transformations.
We extend this paradigm to spatial multi-omics data by in-
troducing a dual-flow architecture that explicitly disentangles
relational (graph-structured) consistency from global distri-
butional flexibility.

Graph Normalizing Flow for Structured Transformation
The structure-aware branch employs a Graph Normalizing
Flow (GNF) [Liu et al., 2019], which incorporates reversible
message passing to enable exact likelihood computation on
graph-structured data while preserving invertibility. Follow-
ing the GRevNet design, at each layer t, the node feature ma-
trix Z

(v)
t is split along the feature dimension into Z

(0)
t and

Z
(1)
t . A reversible transformation step consists of two half-

steps:

Z
(0)

t+ 1
2

= Z
(0)
t ⊙ exp

(
F1

(
Z

(1)
t ,G(v)

))
+ F2

(
Z

(1)
t ,G(v)

)
,

Z
(1)
t+1 = Z

(1)

t+ 1
2

⊙ exp
(
G1

(
Z

(1)

t+ 1
2

,G(v)
))

+G2

(
Z

(1)

t+ 1
2

,G(v)
)

Z
(1)

t+ 1
2

= Z
(1)
t ,Z

(0)
t+1 = Z

(0)

t+ 1
2

(7)

where F1, F2, G1, G2 are graph-conditioned transformation
functions implemented as Graph Neural Networks (GNNs)

that operate on the refined affinity matrix G(v). This formu-
lation ensures that the entire transformation is invertible:

Z
(0)
t+1/2 = Z

(0)
t+1,Z

(1)
t = Z

(1)
t+1/2

Z
(1)
t+1/2 =

(
Z

(1)
t+1 −G2

(
Z

(1)
t+1/2 ,G

(v)
))

exp
(
G1

(
Z

(1)
t+1/2 ,G

(v)
))

Z
(0)
t =

(
Z

(0)
t+1/2 − F2

(
Z

(1)
t ,G(v)

))
exp

(
F1

(
Z

(1)
t ,G(v)

)) (8)

The Jacobian of each step is block triangular, allowing effi-
cient computation of the log-determinant required for likeli-
hood evaluation.

Vanilla Normalizing Flow for Global Flexibility
In parallel, we employ a structure-free Vanilla Normalizing
Flow (VNF) based on RealNVP-style affine coupling layers.
This flow operates independently on each node’s feature vec-
tor without considering graph structure, thereby preserving
global distributional flexibility. Given a latent vector z ∈ Rd,
we split it into two halves z1, z2 ∈ Rd/2. A coupling layer is
defined as: [

zm1
zm2

]
=

[
zm−1
1 ⊙ es

m
mlp(z

m−1
2 ) + tmmlp(z

m−1
2 )

zm−1
2

]
, m is odd,

[
zm−1
1

zm−1
2 ⊙ es

m
mlp(z

m−1
1 ) + tmmlp(z

m−1
1 )

]
, m is even.

(9)
where smmlp and tmmlp are Multi-Layer Perceptrons (MLPs). The
triangular Jacobian ensures tractable likelihood computation.

Dual-flow Architecture and Fusion
Given the refined multi-omics representation Ẑ(v), we pro-
cess it through both flows:

Ẑ
(v)
graph = fgraph(Ẑ

(v),G(v)), (10)

Ẑ
(v)
plain = fplain(Ẑ

(v)), (11)

The two complementary representations are then adap-
tively fused:

Z̃(v) = αẐ
(v)
graph + (1− α)Ẑ

(v)
plain, (12)

where α ∈ [0, 1] is a learnable parameter. This dual-flow
design explicitly separates structural constraints from global
distribution modeling, allowing GBFlow to balance relational
coherence with distributional expressiveness and produce ro-
bust latent embeddings for spatial domain identification.

3.3 Grouping Belief based Affinity Refinement
To suppress noisy graph connections, we introduce a Group-
ing Belief based Affinity Refinement (GBAR) strategy.
Given similarity matrices A(v)

h (from dynamic subspace) and
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A
(v)
a = A

(v)
3 , we first construct top-t neighbor masks M(v)

h

and M
(v)
a . From these, soft relation matrices are computed

as:

R
(v)
h =

M
(v)
h (M

(v)
h )⊤

t
, R(v)

a =
M

(v)
a (M

(v)
a )⊤

t
. (13)

Next, hard relation matrices G
(v)
h and G

(v)
a are obtained

by thresholding with confidence θ. The GBAR loss consists
of two terms:

Lreg1 = −
V∑

v=1

n∑
i=1

n∑
j=1

β1((a
v
h)ij log((g

v
a)ij + ε)

+ (ava)ij log((g
v
h)ij + ε)) (14)

Lreg2 = −
V∑

v=1

n∑
i=1

n∑
j=1

β2(g
v
ij log((r

v
a)ij) + gvij log((r

v
h)ij))

(15)
where g(v) = (G

(v)
h +G

(v)
a )/2, and β1, β2 are hyperparam-

eters. The total GBAR loss is:

LGBAR = Lreg1 + Lreg2. (16)

The refined graph G(v) resulting from this procedure is
subsequently used in GNF to guide structure-aware latent
transformations.

3.4 Dynamic Graph Learning
Shared and Omics-specific Subspace Modeling
To simultaneously capture globally shared structures and
omics-specific dependencies, we propose a dynamic sub-
space modeling strategy. We first construct a global self-
expression matrix: C = c̄c̄⊤, where c̄ denotes a low-
dimensional latent embedding capturing global sample rela-
tionships. For each omics v, we additionally learn an omics-
specific self-expression matrix Q(v) to encode modality-
dependent connectivity patterns. The adaptive graph structure
for each omics is thus defined as:

H(v) = c̄c̄⊤ +Q(v). (17)

The self-expression reconstruction objective is:

Lself =
λ

V

V∑
v=1

∥Z̃(v) −H(v)Z̃(v)∥2F + L1, (18)

where L1 enforces graph smoothness and omics disentangle-
ment.

Structure-aware Contrastive Learning
We construct a unified affinity graph by aggregating the fused
graphs learned from all omics:

Wij = max
v

(A
(v)
3 )ij . (19)

Based on this structure-aware affinity, we design a con-
trastive objective:

Lcont = −
V∑

v=1

n∑
i=1

log
P v
i

Nv
i

, (20)

where P v
i and Nv

i denote aggregated similarities over posi-
tive and negative sample pairs determined by W:

P v
i =

n∑
j=1

W ijg
(
¯̄zvi , z̃

v
j

)
+

n∑
j=1
i̸=j

W ijg
(
¯̄zvi , ¯̄z

v
j

)

Nv
i =

n∑
j=1

ρW ijg
(
¯̄zvi , z̃

v
j

)
+

n∑
j=1
i̸=j

ρW ijg
(
¯̄zvi , ¯̄z

v
j

)
, (21)

where z̃vi ∈ Rn×l denotes the latent feature vector of sample i
in view v before self-expression, obtained from the dual-flow
latent refinement module, and ¯̄zvi ∈ Rn×l represents the self-
expressed feature after applying the dynamic self-expression
model, i.e., ¯̄Z(v) = H(v)Z̃(v). Both are l-dimensional latent
embeddings. g(·, ·) is the cosine similarity, and ρW ij is an
indicator function defined as:

ρW ij =

{
W ij , W ij > 0

1, W ij = 0
(22)

3.5 Overall Loss Function and Spatial Domain
Identification

To ensure that the cyclic autoencoder preserves both struc-
tural and semantic information, we employ a reconstruction
loss Lrec that penalizes discrepancies in both node features
and self-representations. The overall training objective inte-
grates all components of our framework:

L = Lrec + Lself + Lcont + LGBAR. (23)

For spatial domain identification, we construct the final
affinity matrix by combining the global and omics-specific
self-expression components:

H = c̄c̄⊤ +
1

V

V∑
v=1

Q(v) + (Q(v))⊤

2
, (24)

Spectral clustering is then applied on H to obtain the fi-
nal spatial domain assignments, yielding coherent and bio-
logically meaningful spatial partitions. The overall algorithm
process is detailed in the supplementary materials.

4 Experiments
4.1 Datasets and Preprocessing
In this study, we utilize eight datasets: human breast
cancer[Long et al., 2024], mouse brain[Long et al., 2024;
Dong and Zhang, 2022], human lymph node[Long et al.,
2024], and mouse embryo[Jiang et al., 2023]. Dataset-
specific information and experimental settings are provided in
the supplementary materials. For the breast cancer and mouse
brain datasets, we select the top 3,000 highly variable genes,
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apply normalization and log transformation, and reduce di-
mensionality to 40 via PCA. Whole-slide histology images
are cropped into 50×50 patches based on spatial coordinates
and flattened into 1D vectors. For the lymph node dataset,
RNA is filtered to retain genes expressed in at least 10 cells,
normalized, log-transformed, and reduced to 100 dimensions
via PCA; paired ADT data are similarly normalized, scaled,
and PCA-reduced. For the mouse embryo dataset, RNA un-
dergoes filtering, highly variable gene selection, normaliza-
tion, log transformation, and PCA reduction to 50 dimen-
sions; ATAC features detected in fewer than 6% of cells are
removed and projected to 21 dimensions via LSI.

4.2 Baseline and Metrics
We compare GBFlow with seven baseline methods, including
GraphST[Long et al., 2023], STAGATE[Dong and Zhang,
2022], PAST[Li et al., 2023], SpatialGlue[Long et al., 2024],
PRAGA[Huang et al., 2025], stDCL[Yu et al., 2025], and
DUSTED[Zhu et al., 2025]. To comprehensively evaluate
spatial domain delineation, we employ a set of standard met-
rics: Accuracy (ACC), F1-Score, Jaccard coefficient, Ad-
justed Rand Index (ARI), Mutual Information (MI), Normal-
ized Mutual Information (NMI), Adjusted Mutual Informa-
tion (AMI), V-Measure, and Completeness (Compl.). Across
these metrics, GBFlow consistently achieves top or near-top
performance.

4.3 Experimental Results
Qualitative Experimental Results
GBFlow consistently achieves state-of-the-art or highly
competitive performance across diverse spatial multi-omics
datasets. As shown in Table 1 and Supplementary Table 1,
our method yields the highest ACC (76.65%) on the Human
breast cancer dataset, outperforming strong baselines such as
STAGATE and DUSTED. Notably, in the high-complexity
Mouse brain anterior task, which involves 52 distinct clus-
ters, GBFlow demonstrates superior precision by securing top
scores in FMI (48.98%), ARI (44.65%), and ACC (47.38%).
The model’s robustness is further validated on the Human
lymph node and Mouse embryo datasets, where it maintains
stable and leading performance in terms of NMI and ARI, un-
derscoring its ability to generalize effectively across varying
degrees of tissue heterogeneity and cluster scales.

An interesting phenomenon observed in Table 1 is that the
ranking of the same method can vary across different eval-
uation metrics. For example, on the Human lymph node
D1 dataset, PRAGA achieves the highest MI (65.42) but a
much lower ARI (24.94%), while GBFlow attains a slightly
lower MI (65.37%) but leads in ARI (34.41%). This high-
lights the distinct emphases of different evaluation metrics:
information-theoretic measures such as MI and NMI focus
more on the overall alignment between feature distributions
and label distributions, whereas ARI and FMI place greater
emphasis on the pairwise consistency of clustering results.
GBFlow’s consistent superiority in the latter category directly
reflects how its grouping belief module enhances the pairwise
accuracy of clustering by reinforcing high-confidence neigh-
borhood relationships.

Figure 2: Spatial domain delineation on human breast cancer. The
ground truth annotations (top row) correspond to histologically de-
fined tissue structures: desmoplastic changes, lymphocytes, and
necrosis/hemorrhage. The spatial domains identified by all meth-
ods are visualized in subsequent rows. GBFlow achieves superior
structural consistency and biological interpretability, as reflected in
its higher ARI score.

Figure 3: Spatial domain delineation on mouse brain coronal. The
ground truth (top row) corresponds to anatomically defined cortical
layers L1–L4. Subsequent rows visualize clustering results from all
methods.

The performance gains of GBFlow stem from its dual-
flow latent refinement strategy, which integrates a structure-
aware Graph Normalizing Flow (GNF) with a structure-
free Vanilla Normalizing Flow (VNF). This design enables
the model to preserve local spatial coherence while captur-
ing global molecular distribution patterns. In addition, the
grouping belief-based affinity refinement module effectively
suppresses noise in the initial graphs and reinforces high-
confidence neighborhood relationships. By pruning spurious
connections and enhancing discriminative features, GBFlow
learns more separable latent representations, leading to im-
proved spatial domain identification.

Quantitative Experimental Results
Figure 2 shows GBFlow’s ability to delineate histologi-
cally meaningful regions in human breast cancer tissue, in-
cluding desmoplastic changes, lymphocyte infiltration, and
necrosis/hemorrhage. Compared with baseline methods,
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Method Metrics (%)

MI NMI AMI FMI ARI V-Measure F1-Score Jaccard Compl. ACC

Human breast cancer section1 (n=2518, clusters=4)
GraphST 38.72 36.38 36.27 69.71 49.59 36.28 69.70 53.50 37.11 49.80
STAGATE 50.25 44.87 44.78 68.60 50.09 44.87 68.27 51.82 41.99 71.45
stDCL 41.17 39.24 39.14 72.65 53.00 39.24 72.61 57.00 39.03 62.87
PAST 41.34 37.90 37.80 69.32 49.76 37.90 69.27 52.98 36.32 68.75
DUSTED 44.21 38.51 38.42 62.02 40.29 38.51 61.60 44.50 35.29 69.38
GBFlow 47.72 44.02 43.93 73.72 56.21 44.02 73.71 58.37 45.75 76.65

Mouse brain anterior (n=2695, clusters=52)
GraphST 253.44 68.82 64.35 39.32 36.32 68.82 38.31 23.69 70.89 43.49
STAGATE 265.82 71.71 67.60 40.84 37.77 71.71 39.63 24.71 69.26 45.27
stDCL 249.93 70.95 67.47 45.54 43.29 70.95 45.54 29.48 72.03 41.69
PAST 228.24 63.80 58.96 33.13 30.48 63.76 33.10 19.83 63.76 37.81
DUSTED 263.58 71.37 67.21 42.48 39.63 71.37 41.51 26.19 69.17 46.49
GBFlow 224.51 66.80 62.90 48.98 44.65 66.80 47.38 31.05 62.79 47.38

Human lymph node D1 (n=3359, clusters=10)
GraphST 62.69 34.05 33.60 37.33 21.26 34.05 37.19 22.84 36.05 44.66
STAGATE 17.82 12.25 11.65 33.61 5.61 12.25 32.31 19.27 15.22 34.59
PAST 59.21 33.25 32.77 42.66 26.05 33.25 42.66 27.11 32.48 42.33
SpatialGlue 63.95 39.01 38.67 50.60 35.05 39.01 50.47 33.76 41.54 64.39
PRAGA 65.42 34.67 34.22 39.44 24.94 34.67 38.94 24.17 32.15 47.51
DUSTED 51.04 28.40 27.91 36.26 19.92 28.40 36.13 22.05 29.35 41.95
GBFlow 65.37 39.49 39.07 50.18 34.41 39.49 50.04 33.37 37.60 61.95

Mouse embryo E18.5 (n=2129, clusters=14)
GraphST 118.25 52.80 51.93 48.53 39.78 52.80 48.05 31.63 55.87 54.86
STAGATE 16.81 12.77 11.11 40.48 5.03 12.77 30.28 17.84 32.60 34.34
PAST 101.22 44.04 43.04 34.15 24.00 44.04 32.93 19.71 40.81 38.94
SpatialGlue 104.28 55.95 55.36 57.98 46.55 55.95 56.80 39.67 64.75 61.44
PRAGA 112.02 49.42 48.50 41.46 31.92 49.42 40.61 25.48 46.35 46.78
DUSTED 109.20 48.68 47.74 37.41 27.14 48.68 36.93 22.65 51.59 42.79
GBFlow 117.00 55.33 54.49 58.55 50.39 55.33 58.53 41.37 55.27 63.03

Table 1: Quantitative experimental results on multiple spatial transcriptomics datasets (Part 1)

which exhibit over-segmentation (GraphST), boundary blur-
ring (stDCL), or internal noise (PAST, DUSTED), GBFlow
produces sharper boundaries and more coherent intra-region
structures, reflecting effective integration of multi-omics sig-
nals and the benefit of affinity refinement.

Figure 3 illustrates GBFlow’s preservation of fine-grained
anatomical organization in mouse brain coronal sections.
While STAGATE and GraphST show layer fragmentation and
stDCL blurs inter-layer transitions, GBFlow maintains clear
laminar boundaries (L1–L4) and continuous intra-layer ho-
mogeneity. The dual-flow design ensures neighborhood con-
sistency within layers (GNF) and captures global expression
variability across layers (VNF), yielding spatially smooth and
anatomically faithful partitions. Overall, GBFlow demon-
strates higher structural consistency and robustness across di-
verse tissue types, with quantitative improvements in ACC,
ARI, and FMI corroborating these observations.

5 Conclusion

We propose GBFlow, a novel grouping belief-guided dual
normalizing flow framework for robust spatial domain iden-
tification. By integrating structure-aware and structure-free
normalizing flows alongside a grouping belief-based affin-
ity refinement strategy, GBFlow effectively balances rela-
tional consistency with global distributional flexibility. Ex-
periments across eight spatial multi-omics datasets demon-
strate that GBFlow consistently outperforms state-of-the-art
methods, achieving more accurate and robust spatial delin-
eation. Additional analyses including marker gene visualiza-
tion, latent representation visualization, and scalability anal-
ysis are provided in the supplementary material. The frame-
work provides a principled approach to multi-omics integra-
tion and is widely applicable to spatially resolved biomedical
data analysis.
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