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Abstract

Effectively modeling multimodal spatial omics data is critical
for understanding tissue complexity and underlying biologi-
cal mechanisms. While spatial transcriptomics, proteomics,
and epigenomics capture molecular features, they lack patho-
logical morphological context. Integrating these omics with
histopathological images is thus critical for comprehensive
disease tissue analysis. However, substantial heterogeneity
across omics, imaging, and spatial modalities poses signifi-
cant challenges. Naive fusion of semantically distinct sources
often leads to ambiguous representations. Additionally, the
resolution mismatch between high-resolution histology im-
ages and lower-resolution sequencing spots complicates spa-
tial alignment. Biological perturbations during sample prepa-
ration further distort modality-specific signals, hindering ac-
curate integration. To address these challenges, we propose
Graph-guided Representation of Omics and Vision with
Expert Regulation for Adaptive Spatial Multi-omics Fusion
(GROVER), a novel framework for adaptive integration of
spatial multi-omics data. GROVER leverages a Graph Convo-
lutional Network encoder based on Kolmogorov—Arnold Net-
works to capture the nonlinear dependencies between each
modality and its associated spatial structure, thereby produc-
ing expressive, modality-specific embeddings. To align these
representations, we introduce a spot-feature-pair contrastive
learning strategy that explicitly optimizes the correspondence
across modalities at each spot. Furthermore, we design a dy-
namic expert routing mechanism that adaptively selects in-
formative modalities for each spot while suppressing noisy or
low-quality inputs. Experiments on real-world spatial omics
datasets demonstrate that GROVER outperforms state-of-the-
art baselines, providing a robust and reliable solution for mul-
timodal integration.

Code — https://github.com/Xubin-s-Lab/GROVER

Introduction

Spatially resolved transcriptomics and spatial proteomics
were recognized as the Methods of the Year by Nature
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in 2021 (Marx 2021) and 2024 (Karimi et al. 2024), re-
spectively. These advancements extend single-cell analy-
ses of gene expression and surface protein abundance into
the spatial domain, offering unprecedented insight into tis-
sue organization. More recently, spatially resolved multi-
modal omics—encompassing transcriptomics, proteomics,
and high-resolution histological imaging—have emerged as
a powerful paradigm for integrative analysis, enabling a
comprehensive understanding of gene regulation and the
tissue microenvironment within their native spatial con-
text (Coleman et al. 2025). The main challenge in mul-
timodal spatial omics analysis is the effective integration
of features from diverse modalities to generate coherent
low-dimensional representations that facilitate downstream
tasks, such as spatial domain identification via clustering.
Most recent approaches primarily focus on integrating tran-
scriptomic and proteomic data (Meng et al. 2024), while
overlooking the valuable structural context provided by his-
tological images. For instance, SpatialGlue (Long et al.
2024) employs cross-modal attention to fuse transcriptomic
and proteomic features, and PRAGA (Huang et al. 2025) in-
tegrates spatial multi-omics data with adaptive graph struc-
tures and dynamic prototype contrastive learning. MISO
(Coleman et al. 2025) represents a recent advancement by
incorporating histology images into a multimodal integra-
tion pipeline through outer-product interactions. Moreover,
these methods tend to treat all modalities equally across spa-
tial locations, ignoring substantial variations in data quality.
In practice, spatial omics data are often compromised by
noise from both technical limitations (e.g., dropout events
in single-cell sequencing) (Ge et al. 2025) and biological or
experimental artifacts (e.g., tissue sectioning errors in his-
tology) (Totty, Hicks, and Guo 2025). Such heterogeneity
makes it critical to assess the reliability of each modality per
spot. Yet, current integration frameworks are unable to adap-
tively weigh or filter unreliable features based on local sig-
nal quality, which may limit the accuracy and robustness of
spatial analysis. To address this, we propose a multi-expert
learning framework that performs modality-aware integra-
tion at the single-spot level, selectively emphasizing high-
confidence signals and mitigating the impact of noise. Fur-



thermore, due to the substantial semantic gap between omics
data and histological images, as well as the many-to-many
mapping between image patches and spatial spots, achieving
accurate cross-modal alignment remains highly challenging.
To overcome this, we introduce a contrastive learning strat-
egy that encourages consistency between spatial and mor-
phological representations in a weakly paired setting.

In this paper, we propose a novel spatially resolved multi-
omics framework, Graph-guided Representation of Omics
and Vision with Expert Regulation for Adaptive Spatial
Multi-omics Fusion (GROVER). GROVER employs a spot-
feature-pair based contrastive learning approach to integrate
features from three modalities, guided by graph-based spa-
tial relationships and structural information derived from
histological images. Inspired by the Mixture-of-Experts
(MoE) paradigm, we design a multi-expert model to adap-
tively filter and fuse modality-specific features at the spot
level. Extensive qualitative and quantitative results demon-
strate that GROVER excels at aggregating spatial multi-
omics information into spot-type-resolvable representations
by effectively integrating histological image features and
performing adaptive feature fusion through a multi-expert
framework. Our contributions are summarized as follows:

* We propose a novel spatially resolved multi-omics
framework, GROVER, which adaptively integrates tran-
scriptomic, proteomic, and histological modalities at the
single-spot level. We introduce a spot-feature-pair based
contrastive learning strategy to bridge the semantic gap
between omics data and histological images, enabling ac-
curate cross-modal alignment.

* We design a modality-specific multi-expert architecture
with gated routing to adaptively weigh heterogeneous
signals, enhancing both robustness and interpretability.

* We develop a hybrid graph encoder, the Graph Con-
volutional Network based on Kolmogorov—Arnold Net-
works (KAN-GCN), which enhances message passing
with kernel-based nonlinear transformations for expres-
sive, structure-aware representation learning.

Related Works
Spatial Multi-omics Integration

Recently, spatial multi-omics technologies have emerged
as powerful tools for linking spatial context with molec-
ular profiling, offering new opportunities to dissect cellu-
lar heterogeneity within the tissue microenvironment. Spa-
tialGlue (Long et al. 2024) integrates spatial and omics in-
formation using a dual-attention graph neural network that
captures cross-modal correspondence and spatial structure.
COSMOS (Zhou et al. 2025) combines graph convolutional
networks (GCNs) with a weighted nearest neighbor (WNN)
framework, and further employs Deep Graph Infomax (DGI)
and spatial regularization to fuse complementary features for
downstream analysis. However, these approaches primarily
focus on integrating molecular modalities and often neglect
histological context. Due to the semantic disparity and align-
ment difficulty between tissue images and omics measure-
ments, image information is rarely incorporated into the in-
tegration process.
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Integration of Image and Omics Data

Histological images offer crucial morphological context that
complements molecular data, making them a valuable addi-
tion in spatial omics (Chelebian, Avenel, and Wihlby 2025).
Their integration enhances both biological insight and ana-
Iytical depth. MISO encodes each modality independently
using Multilayer Perceptron (MLP), models interactions via
outer products, and concatenates results into a unified em-
bedding. However, it treats all modalities equally across
spatial spots, ignoring differences in quality, noise, or rel-
evance.To address this, we propose a multi-expert frame-
work inspired by mixture-of-experts (Jacobs et al. 1991).
It assigns adaptive weights to modality-specific experts at
each spot, allowing the model to prioritize informative sig-
nals while suppressing noisy or irrelevant inputs, leading to
more robust and precise integration.

Method
Preliminaries

Spatial multi-modal omics integration aims to jointly model
molecular measurements along with their spatial context,
thereby obtaining unified spot-level representations suitable
for downstream analyses. Formally, given a spatial dataset
comprising N sequencing spots, we denote their spatial co-
ordinates as:

S = {(wiayi)}i\ila (%‘ai%‘) ERQ' (])

Each spot is characterized by measurements from M dif-

ferent modalities, typically including transcriptomic, pro-

teomic, and histological imaging modalities. For each

modality m € {1,..., M}, the features associated with the
spots are defined as:

F(m) _ {f(m) c RDm}N

=1

2)

where fi(m) is the preprocessed D,,-dimensional feature
vector corresponding to spot i.

For example, F("™ could represent gene expression
features reduced by principal component analysis (PCA),
antibody-derived tag (ADT) protein abundances, or visual
features extracted from histology images using a pre-trained
pathology foundation model such as OmiCLIP (Chen et al.
2025). Notably, our framework is highly modular and flex-
ible, enabling the seamless incorporation of any state-of-
the-art (SOTA) pathology foundation model, thus ensuring
adaptability to future technological advances.

The goal of spatial multi-modal integration is to ues a
function ® that adaptively fuses all modality features, in-
formed by spatial topology, into a unified low-dimensional
representation Z:

Z=0o(FD, . . FM g (3)

The integrated representation Z is expected to preserve
complementary biological signals across modalities while
maintaining spatial coherence. This embedding can be used
for various downstream tasks, such as spatial domain identi-
fication, cell type annotation, and tumor microenvironment
characterization.
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Figure 1: The framework of the proposed GROVER.GROVER encodes modality-specific feature graphs and spatial adjacency
graphs using KAN-GCN, then applies attention-based weighted fusion to obtain integrated multimodal representations (RNA,
protein, and image). A spot-feature-pair based contrastive learning aligns semantic information across modalities before feeding
the embeddings into a self-adaptive Mixture-of-Experts model for fusion. The entire model is trained with modality-specific
reconstruction losses and the spot-feature-pair contrastive loss.

GROVER

In this paper, we propose GROVER, a graph-guided archi-
tecture that models the function ® in Eq. (1), adaptively in-
tegrating transcriptomic, proteomic, and histological modal-
ities at single-spot resolution into a unified representation.
Given M modalities {F™}M_,  including omics fea-
tures (e.g., RNA and protein) and histological image fea-
tures, GROVER constructs two graphs per modality: a spa-
tial graph Gg (S, Ag) based on spot coordinates S =

{(z4,v:)}X,, and a modality-specific feature graph g

(Fm), AU™) Both Ag and AV are built via K-Nearest
Neighbor (KNN), where Ag reflects physical proximity and

A%m) captures feature similarity. These dual graphs jointly
encode spatial and semantic structure.

For each modality, we fuse embeddings from the two
graphs using a spatial-feature attention module:

s(m) _ S F( )), (4)

é; " = Attention(e; , e,
where e and ef’(m) are obtained via KAN-GCN on Gg and
Q%m), respectively.

To reduce modality discrepancy, we apply spot-level con-
trastive learning to align the fused embeddings éz(.m). To
address varying modality quality, an adaptive multi-expert
model with dynamic gating is introduced. The final fused
representation Z is obtained via this gating mechanism. An
overview of GROVER is shown in Figure 1, with the full
pipeline summarized in Algorithm 1.
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Encoder based on the KAN-GCN

To extract meaningful node representations from both spa-
tial and modality-specific feature graphs, we adopt a graph
convolutional encoder framework. Traditional Graph Con-
volutional Networks (GCNs) are widely used for learning
node embeddings via message passing over graph structures
(Kipf 2016).

Formally, given a graph G = (V, A) with N nodes, where
V denotes the set of spatial spots and A € 0, 1V*¥ is the
adjacency matrix representing the spatial or functional con-
nectivity between spots, the graph is characterized by its
node feature matrix X € RM*9_ where dj is the input
feature dimension. In our context, each node corresponds
to a spatial spot, and its associated feature vector may in-
clude modality-specific measurements such as gene expres-
sion, protein abundance, or chromatin accessibility.

The layer-wise propagation rule of a standard GCN is de-
fined as:

H+D — (D*1/2AD*1/2H(”W(Z)) : )

where H® = X, W ¢ R%#*4+1 is the learnable weight
matrix at layer [, and A = A + [ is the adjacency matrix
with added self-loops, with D being the corresponding de-
gree matrix. Here, [ = 0,1,...,L — 1 denotes the layer
index, and L is the total number of encoder layers.

To enhance the expressive power of GCNs, we replace the

fixed linear transformation with a nonlinear function mod-
eled by a Kolmogorov—Arnold Network (KAN) (Liu et al.



2024). Each KAN 1ayer consists of a matrix of trainable uni-

variate functions <p :[0,1] = R, wherep =1,...,d; and

qg=1,...,di41. The transformed features are computed as:
FOHEDY, ng@, ©)
and the node update becomes:
HD = o (A : ]-"(l)(H(l))) . )

In GROVER, we apply a multi-layer KAN-GCN encoder
to the spatial graph Gg and each modality-specific graph

G (™) "and denote the final-layer outputs as H éL) € RVxde
and H) Fom € RN>dz | respectively. The node embeddings
for spot 1 are:

rim — H(L)

— g
=Hg/, e F(m) 4

3

To adaptively fuse these two types of embeddings, we
use a within-modality attention aggregation layer. Let W &
Rérxduw gnd b € R%: be the shared linear transformation
parameters, and let q € R%« be a learnable attention vector.
Here, d;, is the dimensionality of the encoder output, and
dy is a hidden projection dimension used specifically for
computing attention scores.

The scalar compatibility score for each embedding source
t € {S, F'} is computed as:

e = q7 tanh (Weﬁ.” 4 b) . ©)

We then apply a softmax to normalize the scores into at-

tention weights:

exp(cl")

NONS
exp(e™) + expl(e

@) (10)

Finally, the fused modality-aware embedding is obtained
by weighted summation:
égm) = ags)e +a (F) F< >7

(11
where él(-m) € R serves as the unified representation for
downstream tasks.

Spot-Feature-Pair Based Contrastive Learning

The transcriptomic (RNA), proteomic (ADT), and histolog-
ical (image) modalities differ significantly in terms of data
distributions and biological semantic characteristics. To ad-
dress this challenge, we introduce a dual-alignment strat-
egy that aligns both spatial and semantic information prior
to modality fusion. For spatial alignment, we extract im-
age patches centered at each spot’s absolute coordinates
on the tissue section and encode them using a pretrained
vision foundation model to obtain location-aware image
embeddings. For semantic alignment, we implement a bi-
directional masked contrastive learning framework that en-
forces semantic consistency across pairs of modalities while
mitigating the impact of spurious negatives caused by bio-
logically similar spots.
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Specifically,  for each  modality m €

{RNA, ADT, Image}, we obtain fused embeddings

) = {e"™}N | We first compute a cosine similarity
matrix:

S;7) = sim(e™, &™), (12)
and define a binary similarity mask M (™) € {0,1}V*N as:

A {o, if S > 5 and i # ,

13
1, otherwise, (13)

where ¢ is a threshold controlling the exclusion of highly
similar negatives. This mask removes semantically similar
spots from the contrastive denominator to mitigate false neg-
atives during training.

Using the mask, we define the masked InfoNCE loss for
a modality pair (mq,m2) as:

Kmasked (E(ml) E(m2) M(ml)

—Zlog Si,

exp (sun( g(m1) ~(m2))/7')
Z; ) M(ml)exp (Slm( (ml) (m2))/7_)
-) denotes the

(14)

S; = (15)
where 7 is a temperature parameter and surn(~7
cosine similarity between normalized vectors.

To ensure symmetric alignment between modalities, we
compute the masked InfoNCE loss (Oord, Li, and Vinyals
2018) in both directions and average them:

£m1 ;M2
contrast —

1 (‘emasked(E(ml), E(m2)7 M(ml))
2 (16)
+€masked(E(m2)7 E(m1)7 M(mz))) .

We apply contrastive loss to three modality pairs
(RNA-ADT, RNA-Image, ADT-Image). The aligned em-

beddings are denoted e(m)

Self-adaptive Mixture of Experts

In practice, due to quality differences among modalities,
naively integrating all modalities at the single-spot resolu-
tion can be suboptimal. To address this, we propose a self-
adaptive Mixture of Experts (MoE) framework.

Given the ahgned embeddings e(R), él(.A), and éz([) from
RNA, protein, and image modalities respectively, we first

compute an aggregated gating input by averaging:
e A(A) A(I )
3 (7 el +el?).

A gating network parameterized by Wyate € RP*3 pro-
duces raw confidence scores g; = Waate; € R3, which are
converted via softmax to normalized weights:

exp(gi™)

> exp(g™)’

To filter out unreliable modalities, we apply a threshold ~
to the gating scores. In our experiments, we set v = 0.3.

Fm {B§m)7 if " >y

0, otherwise

Tq =

a7

g = me{RAT}.  (18)

19)



These filtered weights are renormalized to sum to one:
B

Em’ ﬁ 1( ") te

where € = 1076 is a small constant for numerical stability.

Each modality has a dedicated expert implemented as a
feed-forward network:

81(77L) _

(20)

h{™ = FFN(™ (&{™). @1)

The final fused spot-level representation is a weighted

sum over experts:
2 = Z s pim),
m

(m)

(22)

In rare cases where all 3 < 1, the fused representation
defaults to the expert output of the modality with the highest
original confidence:

3 (m") * _ (m)
zi="h; ’, m*=argmaxf; . (23)

Finally, we collect the fused representations z; of all spots

into a set, denoted as

Z ={z,22,...,2N}, (24)

which forms a unified representation under the spatial struc-
ture .S, corresponding to the output of Equation (3).

This unified representation Z comprehensively captures
the integrated features of multimodal spatial omics data, fa-
cilitating subsequent downstream analysis tasks.

To reconstruct modality-specific features from the fused
embeddings, we employ a graph-based decoder that uti-
lizes the spatial adjacency structure A. Specifically, for each
modality m € {R, A, I}, we define the reconstructed fea-
tures as:

P = o (A : ]-"(m)(Z)) : (25)

This formulation ensures that reconstruction leverages
both the fused representation and the spatial context encoded
in A.

The reconstruction loss for each modality is computed as:

N
(m) _ —
‘Crec - N ; ‘

2
; (26)
2

flm) . gim) ‘

where fi(m) is the reconstructed feature for spot i in
modality m, obtained from im),
The overall training objective is formulated as:

Yo LN D Ll
me{R,A,I} mi#m;

Etotal = (27)

where ) is a hyperparameter balancing the contribution
of the contrastive alignment loss. In our experiments, we set
A=2.
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Algorithm 1: GROVER

Input: Multi-modal features {F(™)
nates S = {(z;,y:)} ¥,
Parameters: Epochs F, temperature 7, contrastive loss
weight A, confidence threshold ~y

M

m—1> Spatial coordi-

1: Construct graphs: Gg from .S and g}m) from F(™) via
KNN

2: fore =1to E do

3:  for each modality m do

4 Extract e and ¥ via KAN-GCN (Eq. 8)
5: Fuse to obtain égm) via attention (Eq. 11)

6:  end for

7

8

Contrastive 108s: Lcontrast ACross {égm)} (Eq. 16)
: MoE routing to get Z (Eq. 22, 24)

9:  Reconstruction 10ss: Lyecon from Z (Eq. 26)

10:  Update model via total loss L (Eq. 27)

11: end for

Output: Unified comprehensive embeddings Z

The resulting embeddings Z serve as comprehensive repre-
sentations for downstream analysis tasks, such as clustering
and spatial domain detection.

Experiments
Exprimental Setups

Dataset. We conduct quantitative and qualitative experi-
ments on four public datasets to verify the effectiveness of
the proposed method: 1) 10x Visium human breast Cancer
gene and protein expression dataset (10x Genomics 2023a);
2) 10x Visium human glioblastoma gene and protein expres-
sion dataset (10x Genomics 2023b); 3) 10x Visium human
tonsil gene and protein expression dataset (10x Genomics
2023c); 4) 10x Visium human tonsil with add-on antibodies
gene and protein expression dataset (10x Genomics 2023d);
These datasetsare detailed in the Appendix’ .

Baselines. We compare our approach with three recent
state-of-the-art multimodal omics methods: MISO, Spatial-
Glue, and COSMOS. Notably, MISO supports image modal-
ity integration.

Metrics. We selected nine diverse metrics to compre-
hensively evaluate the model performance, including Ad-
justed Rand Index (ARI) (Steinley 2004), Normalized Mu-
tual Information (NMI) (Vinh, Epps, and Bailey 2009),
Fowlkes—Mallows Index (FMI) (Fowlkes and Mallows
1983), Silhouette Coefficient (SC) (Rousseeuw 1987), Ad-
justed Mutual Information (AMI) (Vinh, Epps, and Bai-
ley 2009), Jaccard Index (Niwattanakul et al. 2013),
Davies—Bouldin Index (DBI) (Davies and Bouldin 1979),
Calinski—Harabasz Index (CHI) (Calinski and Harabasz
1974), and Purity. Detailed experimental settings are pro-
vided in the Appendix.

Resources. All experiments were run on a workstation
with dual NVIDIA RTX A5000 GPUs (24 GB) and dual
Intel Xeon Silver 4210R CPUs (2.40 GHz, 20 cores x 2).
GROVER converged within 300 epochs under this setup.



Method ARI %T NMI %1 FMI %71 SC %71 AMI %1  Jaccard %71 CHI 1 Purity %1 DBI %/
Human Tonsil dataset
GROVER 45.2+7.8 54.3+9.9 54.1+6.8 31.6+3.9 54.2+10.1 37.3+6.6 2494.4+285.5 69.4+54 139.8+10.5
MISO 41.326.7 51.2+4.6 52.5+4.3 7.0£1.6 51.2+4.6 35.4+3.8 244.4+14.6 64.245.5 203.4+14.8
Spatialglue  43.3+6.7 53.9+8.9 52.4+6.1 23.843.2 53.9+8.9 35.3£5.6 1063.6£123.6  68.7+5.0 159.6+7.0
COSMOS 19.846.7 27.9£6.0 32.3+6.6 20.0£0.7 27.6£5.6 19.324.9 937.4+99.6 49.9+9.0 157.8+4.2
Human Breast Cancer
GROVER  44.1%£10.7 52.448.7 53.9+8.6 36.3+7.7 52.3+8.6 37.3x8.1  2436.3+385.1 64.8499 139.6+13.8
MISO 37.5£3.0 47.9+2.0 49.8+3.0 11.0£0.6 47.7£2.0 32.7£2.7 289.4+20.8 56.7£3.6  211.5£10.7
Spatialglue  43.0+6.9 53.0+£5.1 52.1+6.1 20.2+0.8 53.5+4.8 35.246.0 1175.0£135.1  67.2+5.0 172.2+£3.3
COSMOS 25.6+2.2 36.5%3.5 37.0+x1.8 24.840.8 36.3+3.5 22.7+1.6 1226.4+106.1  54.5+2.9 143.4+£2.6
Human Glioblastoma
GROVER 40.8£6.6 53.9+4.1 51.6£4.6 22.6x1.1 53.8+3.8 34.1+4.8 1412.9+£110.7 71.9+£3.1 157.0£3.8
MISO 43.5+6.9 49.2+22 555+7.0 9.6x2.9  49.0+2.2 38.4+7.2 421.2447.1 65.3£7.5 235.8+10.3
Spatialglue  40.1£7.6  53.847.3 50.9+5.5 23.4+0.5 53.8+7.3 33.4+54  1430.3+x132.7 72.3£3.6 157.2+3.9
COSMOS 32.0£6.9 48.6x4.3 442445 25.8+2.4 48.4+4.2 28.0+4.1 1325.2492.3  67.84£3.9 137.4+9.0
Human Tonsil with Add-on Antibodies
GROVER 46.5£5.6 59.0+4.8 55.3+6.0 38.2+1.2 58.8+4.7 38.0£5.7  3979.0+1854 70.5+6.1 105.8+2.9
MISO 44.6+11.9 56.1£7.6 559+104 8.3+0.5 559+7.6  38.9+10.2 356.7£32.5  65.5+£11.0 217.2+15.2
Spatialglue  45.3+7.3 58.1+5.7 54.1£7.3 21.4+1.1 58.0£5.8 36.9+6.6 1331.3£133.9  70.5+5.9 160.6+£2.9
COSMOS 24.6+4.3 35.1x1.0 36.4+57 18.4+2.5 35.0+0.9 22.1+4.2 1194.0£139.2  51.5+6.8 168.8+5.7

Table 1: Performance comparison of GROVER and baselines on four spatial multi-omics datasets using nine clustering metrics.
Bold indicates the best result, and underline denotes the second-best. All metrics are the higher the better, except for DBI, where
a lower value indicates better performance.

Method ARI%T NMI%T FMI%! SC %7 CHI 1 Purity %1 AMI %7 Jaccard %7  DBI %]
GROVER 46.5+5.6 59.0+4.8 553+6.0 38.2+12 3979.0+1854  70.5+6.1 58.8+4.7  38.0£5.7  105.8+2.9
w/o MoE 425443 56.843.0 51.6+4.8 21.8t12 108152948  69.9+43 56.7#3.1  34.6+4.5  158.6%5.9
W/O Loontrast  45.5+7.2  57.8443 541274 21.6%2.6 2201.3£306.1 68.4+6.1 57.7x43  37.3x7.2  168.8+10.5
w/o KAN-GCN ~ 42.746.7 559452 52.5+6.7 52.6+1.1 6708422473 68.7+6.7 559452 356463  89.6+4.7

Table 2: Ablation study results on the Human Tonsil with add-on antibodies (results on other datasets are provided in the
Appendix). GROVER achieves strong performance on most clustering metrics. Removing the self-adaptive MoE module, con-
trastive loss, or the KAN-GCN leads to noticeable performance degradation, confirming the effectiveness of each component.

Quantitative Experimental Results

We conducted quantitative experiments on four real-world
spatial multi-omics datasets. Due to the absence of ground-
truth annotations spanning all modalities, we evaluated per-
formance using cell-type clustering labels derived separately
from RNA and ADT, and reported the mean and standard de-
viation across five clustering settings (10 to 6). Since RNA
and ADT labels reflect related but non-identical biological
groupings, certain methods show slightly higher variance
on specific datasets. As shown in Table 1, GROVER con-
sistently ranks among the top-performing methods across
nine clustering metrics and all four datasets. For example,
it improves ARI by 4.4% and SC by 32.8% on the Hu-
man Tonsil dataset, and boosts ARI and FMI by 2.6 and
3.3 percentage points on Human Breast Cancer. These re-
sults demonstrate GROVER’s strong ability to integrate het-
erogeneous modalities while preserving spatial and struc-
tural coherence. Notably, the bimodal method SpatialGlue
often outperforms the trimodal method MISO, suggesting
that uniform fusion of all modalities may not be ideal. In
contrast, GROVER’s adaptive fusion strategy dynamically
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adjusts modality weights per spot, leading to more effective
integration tailored to local data characteristics.

Qualitative Experimental Results

We performed qualitative clustering on four spatial multi-
omics datasets with histological images. Taking the Human
Tonsil dataset as an example (Figure 2), GROVER’s fusion
better reconstructs biological structures and clearly outlines
germinal center (GC) regions and boundaries. Unlike MISO,
which equally fuses all modalities, GROVER selectively
emphasizes informative ones to identify regions requiring
multi-modal synergy. While SpatialGlue also detects GC re-
gions, it often splits the same type into subgroups, revealing
the limitations of bi-modal integration.

Ablation Studies

To evaluate the effectiveness of each core component in the
GROVER framework, we performed ablation studies on the
Human Tonsil dataset with add-on antibodies. As shown
in Table 2, removing the expert routing in the MoE mod-
ule and replacing it with a simple summation of modality-
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Figure 2: Visualization of clustering results by GROVER and baseline methods on four spatial multi-omics datasets. From top to
bottom: (1) Human Tonsil, (2) Human Glioblastoma, (3) Human Breast Cancer, and (4) Human Tonsil with Add-on Antibodie.

specific features led to notable performance drops, with
ARI, NMI, and FMI decreasing by 4.0%, 2.2%, and 3.7%,
respectively. This highlights the importance of dynamically
assigning experts to handle heterogeneous signal quality.
Removing the spot-feature-pair contrastive loss reduced SC
by 16.6%, showing its role in preserving spatial coherence.
Replacing the KAN-GCN encoder with a standard GCN
slightly improved unsupervised metrics SC and DBI, but
clearly decreased supervised metrics, demonstrating the ad-
vantage of KAN’s nonlinear modeling in capturing complex
spatial-feature interactions. Together, these results validate
the necessity and effectiveness of the expert routing strategy,
contrastive learning design, and KAN-GCN based encoder
within the overall GROVER architecture.

Parameter Sensitivity Experiments

We conducted parameter sensitivity experiments to evalu-
ate GROVER’s robustness to key hyperparameters, includ-
ing the confidence threshold v and contrastive loss weight
A. As shown in Figure 3, GROVER exhibits stable perfor-
mance across a range of  values in terms of ARI, NMI, and
FMI, indicating that the model is not particularly sensitive
to this parameter.

Specifically, extremely low values such as v = 0.1 lead
to suboptimal results, as the model fails to filter out unre-
liable modalities. Performance peaks around v = 0.2 and
0.3, where most spots with normal-quality signals are able
to incorporate all modalities and benefit from richer infor-
mation. Although performance remains relatively stable as ¥
increases, it slightly declines beyond this range due to over-
reliance on a single modality, causing loss of complemen-
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Figure 3: Parameter sensitivity analysis of GROVER on the
Human Glioblastoma dataset.

tary features. Based on these observations, we set v = 0.3
in our experiments, as it lies near the reciprocal of the num-
ber of experts and strikes a good balance between modality
filtering and integration.In contrast, the model demonstrates
even greater robustness to the contrastive loss weight A\, with
minimal variation observed across metrics, confirming the
stability of the contrastive learning component.

Conclusion

In this paper, we propose GROVER, an adaptive framework
that integrates spatial multi-omics data at single-spot res-
olution using spatial and modality-specific graphs. With a
multi-expert fusion mechanism and spot-feature-pair con-
trastive learning, GROVER dynamically routes information
based on data quality, enabling robust integration under high
heterogeneity or noise. It achieves superior performance
across multiple metrics on four benchmark datasets.
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