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Abstract

Spatially multimodal omics technologies provide unprece-
dented opportunities to address cellular heterogeneity within
tissue contexts. However, learning robust and informative la-
tent representations from such complex data remains a signif-
icant challenge. Existing graph-based methods often rely on
static connections or indirect optimization objectives, which
can constrain the discriminability and diversity of the learned
representations, particularly in the presence of sequencing
noise and unknown biological priors. To overcome these lim-
itations, we propose Robust Integrative Analysis of Multi-
omics Datasets via Nuclear-norm Maximization (RIA) to
adaptively integrate multimodal features and spatial infor-
mation through a new graph-based architecture. At the core
of RIA is the introduction of the batch nuclear norm max-
imization (bnm) loss, marking the first application of bnm
within the multi-omics domain. By maximizing the nuclear
norm of the batch assignment matrix derived from the latent
space, RIA simultaneously enhances the discriminability and
diversity of the learned embeddings. This objective is syn-
ergistically combined with a dynamic prototype contrastive
learning strategy and a graph stability loss, ensuring compre-
hensive and robust optimization.Ultimately, RIA produces a
structured, information-rich latent space that enables more re-
liable downstream analyses, including cell type identification,
spatial domain discovery, and microenvironment characteri-
zation.

Code — https://github.com/dreamkily/RIA

Introduction

With the rapid advancement of high-throughput sequencing
technologies, spatial multi-omics has emerged at the fore-
front of biomedical research (Lee et al. 2025; Wang et al.
2024c,d). This approach enables the simultaneous analy-
sis of multiple molecular layers such as the transcriptome,
proteome, and epigenome while preserving the spatial con-
text of tissues (Nam et al. 2024). By integrating such mul-
tidimensional information, spatial multi-omics provides a
powerful tool for unraveling complex biological regulatory
networks, cellular heterogeneity, and disease microenviron-
ments. However, this technological revolution also presents
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Figure 1: In the classification task, we need to pay attention
to the minority categories with fewer samples in the dashed
box on the left. The influence of minority categories is of-
ten reduced in direct entropy minimization, resulting in a
decrease in category prediction diversity and discrimination
ability.

significant computational challenges. The inherent high di-
mensionality, sparsity, and cross-modal heterogeneity of
multimodal omics data, along with pervasive batch effects
and technical noise, severely hinder effective data integra-
tion and downstream analysis (Ma et al. 2024; Greenwald
et al. 2024).

In multimodal omics analysis, a core goal is to accurately
identify and annotate cell types to build a comprehensive
cell atlas (Schifer et al. 2024). However, in many biological
contexts, such as the tumor immune microenvironment or
early embryonic development, the true number of cell types
is often unknown, and the distribution of cell populations is
highly imbalanced (Tasci et al. 2022). Among these, rare cell
types—small in number but critical in function—often play
decisive roles in processes such as disease progression, drug
resistance, or tissue regeneration (Wagle et al. 2024). Tra-
ditional machine learning models tend to favor the numer-
ically dominant “majority class” cells during training due
to data imbalance, while overlooking these crucial “minor-
ity classes.” This leads to insufficient model diversity and an
incomplete representation of underlying biological mecha-
nisms. As aresult, existing methods often struggle to achieve



both discriminability and diversity in classification.

In recent years, Graph Neural Networks (GNNs) (Wang
et al. 2024b,a) have emerged as the predominant approach
for analyzing spatial omics data (Madhu et al. 2025; Pratama
et al. 2025). These methods typically model cellular spa-
tial relationships by constructing K-nearest neighbor (KNN)
graphs, leveraging GNNs’ exceptional capability in infor-
mation propagation to derive comprehensive cell represen-
tations. Notably, frameworks like STAGATE (Dong and
Zhang 2022) and GraphST (Long et al. 2023) employ graph
autoencoder architectures to learn low-dimensional embed-
dings, demonstrating outstanding performance in tasks such
as cell clustering and spatial domain identification. Despite
these advancements, GNN-based approaches still face sev-
eral fundamental challenges. First, their reliance on fixed,
distance-based KNN graphs makes them vulnerable to se-
quencing noise and data perturbations, while potentially
overlooking non-local, biologically meaningful interactions
governed by molecular features (Huang et al. 2024). Sec-
ond, optimization using conventional reconstruction or basic
clustering losses often leads to poor representation of rare
cell populations in class-imbalanced data, as models tend
to collapse toward majority classes. Finally, many existing
methods presuppose prior knowledge of cell type quanti-
ties and an impractical requirement in exploratory research
where such information is typically unknown.

To address the above problems, we propose RIA (Ro-
bust Integrative Analysis), a novel computational frame-
work for multimodal omics representation learning that
addresses current methodological limitations through sev-
eral integrated innovations. Departing from traditional ap-
proaches, RIA introduces batch nuclear-norm maximiza-
tion (bnm) (Liu and Zheng 2022; Shi et al. 2024) as its
core training objective, replacing conventional reconstruc-
tion losses to explicitly optimize for diverse and discrim-
inative representations. RIA begins with an initial k-NN
graph based on spatial or unimodal features, then progres-
sively refines the graph structure through data-driven op-
timization while maintaining cross-modal consistency, en-
suring the learned neighborhoods accurately reflect biologi-
cal relationships with enhanced noise robustness. Comple-
menting this adaptive graph learning, RIA implements a
prototype-based contrastive learning scheme where embed-
dings naturally cluster around adaptive prototype centers,
enabling label-free alignment of corresponding cell types
across modalities. The bnm optimization ensures high-rank
outputs with large Frobenius norms, simultaneously improv-
ing cell type separability and feature diversity - a particularly
valuable property for overcoming the prevalent bias toward
dominant cell types in unlabeled spatial omics data. To our
knowledge, this represents the first successful application of
bnm principles to spatial omics analysis, offering a princi-
pled solution to several long-standing challenges in the field.
Our key contributions include:

* We propose a new unified framework for integrating spa-
tial context and multi-omics modalities, called RIA. By
jointly leveraging spatially adaptive graphs, prototype-
driven semantic alignment, and batch nuclear norm max-

26373

imization, our model significantly enhances clustering
and structure discovery capabilities of spatial omics data.

Our work represents the first successful adaptation and
application of batch nuclear norm maximization (bnm)
to spatial multi-omics integration. To our knowledge, no
prior work has employed bnm in the context of spatial
multi-omics data integration, making this a unique con-
tribution to the field.

We conduct extensive experiments on multiple datasets
to validate the effectiveness of our model, which demon-
strates its superior performance and superior classifica-
tion ability compared with state-of-the-art baselines.

Method
Definition and Motivation

Spatial multi-modal omics integration aims to com-
bine spatial information with multi-omics data- such
as transcriptomic RNA-seq, genomic ATAC-seq (Assay
for Transposase-Accessible Chromatin), and proteomic
Antibody-Derived Tags (ADT) into a unified latent repre-
sentation. Given the spatial coordinates of N spots S
{(x;, yi)}f.\i , and their corresponding multi-modal features

Fy = {fim}ili’ll,v;lnzl’ where f™ € RPm denotes the D,,-
dimensional feature vector of the m-th modality, these meth-
ods learn a mapping function @ to aggregate F; and S into

a comprehensive D ,-dimensional latent space Z.
Z=0(Fu,S) (D

The unified latent representation Z facilitates a wide range
of downstream bioinformatics applications, enabling com-
prehensive biological insights at both cellular and tissue lev-
els.

The rapid development of spatial multi-omics technolo-
gies has opened new frontiers in biomedical research by
enabling simultaneous measurement of multiple molecu-
lar modalities while preserving crucial spatial information
within tissues. These technological breakthroughs promise
to revolutionize our understanding of cellular heterogene-
ity, tissue organization, and disease mechanisms. However,
the computational integration and analysis of such com-
plex, high-dimensional data present significant challenges
that current methods struggle to address adequately. Exist-
ing approaches often rely on static graph constructions that
are vulnerable to technical noise and fail to capture biolog-
ically meaningful long-range interactions. Moreover, con-
ventional optimization objectives tend to favor dominant cell
populations while neglecting rare but functionally critical
cell types, leading to incomplete biological insights. The in-
herent sparsity and heterogeneity of multi-omics data, com-
bined with frequent batch effects and the typical absence of
prior knowledge about cell type composition, further com-
plicate analysis. These limitations motivate our develop-
ment of RIA, a novel computational framework that intro-
duces batch nuclear-norm maximization to simultaneously
enhance representation discriminability and diversity, incor-
porates dynamic graph learning to improve biological rele-
vance and noise robustness, and employs prototype-based
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Figure 2: Overview of RIA. The input of RIA includes information of different modalities (such as scRNA-seq data and
scATAC-seq data) and the spatial coordinates corresponding to each measured spot. RIA first integrates the feature matrix
corresponding to each modality with the spatial matrix to form a learnable feature enhancement graph. Then, a unified potential
representation is formed and optimized through encoding and decoding (three loss functions are used for each modality here:
Ly, Laper and Lp,m). RIA can be applied to different downstream tasks such as cell type classification, visualization, etc.

contrastive learning for effective cross-modal integration.
By addressing these fundamental challenges, RIA enables
more comprehensive and reliable analysis of spatial multi-
omics data, facilitating discoveries in developmental biol-
ogy, tumor microenvironments, and other complex biologi-
cal systems where spatial context is paramount.

Adaptive Graph Aggregation

To capture the complex interactions both within and across
spatial domains among different omics modalities, RIA first
constructs a dynamic feature graph for each modality, which
is integrated with a shared spatial adjacency graph. The in-
put to RIA consists of two key components: the spatial co-
ordinates of the sequencing spots and their corresponding
multi-omics features.

RIA constructs a spatial adjacency graph G5 = (S, AS),
where AS € RV*N is computed based on the spatial coor-
dinates S of the sequencing spots using a K-nearest neigh-
bors (KNN) algorithm. This matrix A% encodes the physi-
cal proximity between spots in the tissue, providing a foun-
dational structure for spatial context. Then for each omics
modality m (e.g., RNA, ADT), RIA further constructs a dy-
namic feature graph g,f; = (Fy, AF ). Here, F,, denotes the
feature matrix of modality m, and Ani € RVXN is alearnable
adjacency matrix that models semantic relationships among
spots. The graph dynamically adjusts edge weights to cap-
ture latent patterns that might be obscured by noise or per-
turbations.

To unify spatial context and semantic similarity, RIA gen-
erates a spatial aggregation graph G,, = (Fyn, A,,) for each
modality. Its adjacency matrix A,, integrates the spatial (A5)
and feature (AL) graphs via a learnable linear combination:

@

where w?, and wk are trainable parameters that dynamically

A

A =wS AS +wh AT

m*-m>
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balance the contributions of spatial proximity and feature
relationships in the final graph structure.

Finally, RIA employs a graph convolutional network
(GCN) encoder to learn a modality-specific latent represen-
tation Z,, by encoding F), on its corresponding spatial ag-

gregation graph Gy,

Zm = GCN(Fp, Ap) = 0 (A FpWEM), 3)

where o denotes a nonlinear activation function (e.g.,
ReLU), and W, is the learnable weight matrix of the GCN
layer.

After obtaining the modality-specific latent representa-
tions {Zm}%:1 of each modality, RIA integrates them into a
unified, comprehensive multimodal latent representation Z.
The integration process is achieved through concatenation
operations and multi-layer perceptrons (MLPs):

Z = MLP(Concat(Z;, Z,, ..., Zpy)). 4)

Concat(-) concatenates the potential representations Z,, of
all modalities along the feature dimension, and then per-
forms nonlinear transformation and dimensionality reduc-
tion through an MLP to obtain the final unified representa-
tion Z € RN*Pz_ This unified representation Z is the core
goal of RIA learning.

Robust Integrative Analysis by Nuclear-norm
Maximization
Frobenius norm as a measure of discriminability

The Frobenius norm (F-norm) (Peng et al. 2016) is defined
as the square root of the sum of the squares of all elements
in a matrix A

®)




where A; ; is the element in the i-th row and j-th column of
the matrix A. For the prediction output matrix A(whose el-
ement A; ; represents the probability that sample i belongs
to category j, satisfying Zf:] A;j =1and A; ; > 0), max-
imizing its Frobenius norm ||A||r will push the elements in
each prediction vector A; to be as close to 0 or 1 as possible.
This is because under the constraints, chzl A?’ i reaches its

maximum value when and only when some A;, jo = 1 and
the rest A; jzj, = 0.

The rank of a matrix, denoted by rank(A) corresponds
to the maximum number of linearly independent row (or
column) vectors in A. In the context of classification, con-
sider the predicted output matrix A where each row rep-
resents a sample’s predicted class distribution. When the
model achieves high discriminative power (i.e., |Al|r ap-
proaches its theoretical maximum VB as shown in (Cui et al.
2020)), the matrix exhibits distinct structural properties: for
samples from different true classes, their ideal prediction
vectors become mutually orthogonal (and thus linearly in-
dependent), while samples from the same class converge to
identical prediction vectors (e.g., all samples of class k ap-
proach the one-hot vector ey ), creating linear dependencies.
Consequently, under perfect discrimination, rank(A) would
precisely equal the number of distinct classes in the dataset,
as the matrix columns reduce to a set of orthogonal basis
vectors spanning the class space.

Therefore, when the model achieves high discrimina-
tive capability, rank(A) can serve as an approximate mea-
sure of the number of distinct predicted categories within
batch A. By maximizing rank(A) (with its upper bound
D = min(B,(C)), we effectively encourage the model to
utilize a wider variety of category labels in its predictions,
thereby promoting prediction diversity. Notably, even when
the batch size B is smaller than the total number of cate-
gories C, this maximization still drives the predictions to-
ward maximal diversity within the given batch, although it
cannot ensure complete category coverage across all possi-
ble classes.

Nuclear Norm for Multi-omics Datasets

Nuclear norm is defined as the sum of all singular values of

matrix A:
min(B,C)

Al = ) ox(A).

k=1

(6)

where o (A) are the singular values of matrix A (in de-
scending order, o > 02 >+ + 2 Opin(B,c) = 0).

The nuclear norm possesses several important mathemat-
ical properties. First, it is a convex function, which typically
simplifies optimization problems compared to directly han-
dling the nonconvex rank function. More importantly, the
nuclear norm serves as the convex envelope of the rank func-
tion rank(A) within the set of matrices whose spectral norm
(the largest singular value) is less than or equal to 1. This
means that the nuclear norm provides the tightest convex
approximation to the rank function under these constraints.
Although the spectral norm of the probabilistic output ma-
trix A (with elements between 0 and 1, where each row sums
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to 1) may not necessarily be less than or equal to 1, the fun-
damental concept of the nuclear norm as a convex relaxation
of the rank function still holds. This makes the nuclear norm
a suitable replacement for rank in optimization problems.

To further demonstrate the effectiveness of the nuclear
norm, we present the following theorem and provide a con-
cise proof.

Theorem 1. Upper bound of the nuclear norm:

[All. < vrank(A) - [AllF

The bounds

1
\/—BIIAII* <|AllF < lIAll. < VD - ||Allr

where D min(B, C). However, in the context of mul-
timodal omics, the upper bound of the nuclear norm can
be more precisely characterized. We now prove this bound
using the Cauchy-Schwarz inequality (Bhatia and Davis
1995):

Proof. Let r = rank(A) for matrix A € R™*", where o; de-
notes its i-th singular value. By definition, the nuclear norm
[|All. = Xi_, 1-0i can be viewed as an inner product };'_, 1-
o7, while the Frobenius norm satisfies [|Allr = (Zi_, o2)"/2.
Applying the Cauchy-Schwarz inequality to this inner prod-
uct yields (X7_, o) < (X 12)(2;:1 o-l.z) = r||A||%, and
taking square roots of both sides proves the final bound

All. < vrank (A) - [|A[g. o

This refinement reduces the scaling factor in our upper

bound from the dimension-dependent term VD to the rank-
dependent r, offering significantly tighter theoretical guar-
antees. To ground this abstract result in biological prac-
tice, consider a representative CITE-seq dataset with batch
size B 256 and C 30 annotated cell types, where
our model automatically discovers »r = 10 latent prototypes
through adaptive clustering. In this scenario, the original di-
mensional scaling factor VD = /min(256,30) ~ 5.48 im-
proves to v = V10 ~ 3.16 under our new bound. This im-
provement highlights two crucial features of our approach:
first, the theoretical advantage amplifies as the intrinsic data
structure simplifies (i.e., when r < min(B, C)); second, and
perhaps more importantly, our bound’s scaling factor transi-
tions from being a static mathematical parameter to a dy-
namic, biologically interpretable quantity that reflects the
true complexity of the cellular landscape. This dual advance-
ment tighten the theoretical guarantee and enhance biolog-
ical interpretability which represents a key methodological
contribution with direct implications for single-cell analysis.

Training Process

The model is trained end-to-end using three complemen-
tary loss functions: reconstruction loss, batch nuclear norm
maximization (bnm) loss, and contrastive learning loss.
For the contrastive objective, we adopt the homogeneity
loss £y and dynamic prototype contrast loss Lgpc; from
PRAGA (Huang et al. 2024).



Algorithm 1: RIA Framework

1: Input:
Multi-modal omics features: {F,, € RN*Pm
(e-g-, FRNA’ FProtein)
Spatial coordinates: § € RV*2
: Main Training Loop:
: for epoch r = 1 to Epochs do
for all modality m = 1 to M do
AW — w8 AS ¢ wEALUD
Z\y) — GCN& (F, AY))
9: end for
100 Z « MLP(Concat(Z\", ..., Z{})))

F(t-1 TF (-1
L e AT - ALV,

M
m=1

N

A

12: if adaptive contrastive loss is enabled then
13: Calculate [,g;cl .
14: end if
15 Derive batch assignment matrix Y*) from Z®).
16: L8 —Lyoy,
. (t) (t) (t) (t)
17: ‘ETotal - ‘Eh + a,'[:dpcl +'B'£BNM

18: Update all learnable parameters by back-

propagating V.E(Tg,al.
19: for all modality m = 1to M do
20: Az(t) — (1 - nsmooth)AZ(t_l) + nsmoothA;I;(t)
21: end for
22: end for

The bnm principle, originally developed for label-scarce
learning, maximizes the nuclear norm of the batch out-
put matrix. This approach simultaneously promotes two de-
sirable properties: (1) discriminative features through in-
creased Frobenius norm, and (2) representation diversity via
higher matrix rank. In our multi-omics setting, bnm oper-
ates on fused cross-modal representations, yielding three key
benefits. First, by favoring high-rank solutions, it prevents
dimensional collapse and ensures the embeddings span a
maximally informative subspace—the nuclear norm serving
as a convex surrogate for rank. Second, the connection be-
tween Frobenius norm and feature discriminability guaran-
tees more separable representations. Third, and most crit-
ically, the global application of bnm captures both cross-
modal correlations and point-wise relationships, providing
stronger structural regularization than modality-specific re-
construction objectives.

Concretely, let H € RV*? be the matrix of unified em-
beddings for a training batch of N spots (each row is a spot’s
d-dimensional representation). We optionally apply a linear
projection to H (e.g. to get soft cluster scores), yielding an
output matrix Y € RV*C. We then define the bnm loss as
the negative nuclear norm of this matrix:

1
Lhnm = _E”Y”* (7)

where || - || denotes the nuclear norm (sum of singular val-
ues). Minimizing Ly, (i.e. maximizing ||Y||.) drives Y to
be high-rank and high-norm across the batch. This formula-
tion is directly inspired by prior work showing that nuclear-

norm maximization simultaneously enhances output diver-
sity and discriminability.

The RIA model is trained end-to-end by minimizing an
overall loss function which is a weighted sum of the above
loss components:

Lrotar = Ly + G'-Ldpcl + BLonm ®)

where «, 8 are hyperparameters that balance the contribution
of each loss. The overall training pseudo-code is presented
in Algorithm. 1.

Experiments
Experimental Setups

Datasets. To fully evaluate the effectiveness of our proposed
method, we conducted extensive quantitative and qualitative
experiments on a diverse set of public datasets. We selected
five benchmark datasets, of which three were used for quan-
titative experiments: 1) human lymph node dataset(Long
et al. 2024); 2) spatial epigenome-transcriptome mouse
brain dataset(Zhang et al. 2023); 3) spatial multimodal
omics simulation dataset(Long et al. 2024); and two
were used for qualitative experiments: 4) mouse thymus
stereoCITE-seq dataset (Liao et al. 2023); and 5) SPOTS
mouse spleen dataset (Ben-Chetrit et al. 2023).

Qualitative and quantitative experimental results

In order to intuitively evaluate the performance of RIA in
recognizing the spatial structure of biological tissues, we
qualitatively compared it with two current advanced base-
line methods (SpatialGlue and PRAGA) on two represen-
tative spatial multimodal omics datasets. Taking the human
lymph node(HLN) dataset as an example(as shown in Fig-
ure 3), in terms of latent space representation, the UMAP
visualization results clearly show the difference in the abil-
ity of different methods to learn separable representations. In
the latent representation learned by SpatialGlue, cells of dif-
ferent categories (represented by different colors) are mixed
with each other, and the boundaries of clusters are blurred,
indicating that its ability to distinguish different cell states is
limited. The representation of PRAGA shows a certain de-
gree of clustering structure, but the distance between clus-
ters is close and there is partial overlap. The proposed RIA
shows excellent performance. In the latent space learned by
it, the cell clusters of different colors are not only highly
compact inside, but also have clear boundaries and good sep-
aration between clusters, which proves that our method can
learn more discriminative cell representations. In terms of
spatial domain recognition analysis: When we map the clus-
tering results back to the original spatial coordinates, the ad-
vantages of RIA are more prominent. The spatial domains
identified by SpatialGlue showed obvious noise and failed
to form biologically meaningful continuous structures. The
results of PRAGA were improved, but the boundaries of the
regions identified were still not smooth enough. It is worth
noting that RIA successfully identified smooth and contin-
uous spatial domains. This shows that our method can not
only learn the intrinsic characteristics of cells, but also effec-
tively use spatial information to reconstruct coherent tissue



Methods MI NMI AMI FMI ARI V-Measure FI1-Score Jaccard Compl.

MOFA+(Argelaguet et al. 2020) 650 349 344 376 227 349 36.9 22.6 31.8
MultiVI(Ashuach et al. 2023) 12.0 7.0 6.4 262 3.7 7.0 26.2 15.0 7.1

STAGATE(Dong and Zhang 2022) 1.4 0.8 0.1 20.8 0.2 0.8 20.7 11.7 0.7

PAST(Li et al. 2023) 588 336 33.1 414 246 33.6 414 26.1 324
SpatialGlue(Long et al. 2024) 66.5 36.1 357 392 238 36.1 38.8 24.1 33.2
PRAGA (Huang et al. 2024) 719 38.7 383 417 272 38.7 41.1 259 354
RIA(ours) 72.3 38.7 383 433 289 38.7 42.8 27.3 36.1
A +0.4 +0 +0 +1.6 +1.7 +0 +1.7 +1.5 +0.7

Table 1: Results of quantitative experiments using nine metrics on the Human Lymph Node Dataset. The symbol A indicates
the performance improvement of our proposed RIA over the best comparison method. Underlines indicate suboptimal results.
The best experimental results are marked in bold.

Methods MI NMI AMI FMI ARI V-Measure F1-Score Jaccard Compl.
MOFA+ 19.56 8.6 8.4 15.6 44 8.6 15.6 8.5 8.9
MultiVI 17.9 8.5 8.2 181 3.8 8.5 17.7 9.6 9.5
STAGATE 486 213 21.0 224 122 21.6 22.4 12.6 21.8
PAST 69.5 291 288 245 14.6 29.1 24.5 14.0 28.5
SpatialGlue  95.5 378 375 338 263 37.8 33.0 19.8 35.1
PRAGA 95,5 393 390 351 269 39.3 35.0 21.2 37.9
RIA(ours) 96.7 395 394 369 27.2 39.5 36.4 223 38.3
A +12 +02 +03 +1.8 +03 +0.2 +1.4 +1.1 +0.4

Table 2: Results of quantitative experiments using nine metrics on the Mouse Brain Dataset.

Methods MI NMI AMI FMI ARl V-Measure Fl1-Score Jaccard Compl.
MOFA+ 1.02 058 -023 2132 0.39 0.58 21.27 11.90 0.52
MultiVI 1.2 0.8 -0.1 252 -0.01 0.8 25.1 14.3 0.8
STAGATE 7.4 39 39 17.3 1.6 3.9 16.2 8.8 33
PAST 2.1 1.2 -0.2 19.2 0.1 1.2 18.9 10.4 1.1
SpatialGlue  150.1 97.0 97.0 982 977 97.0 98.2 96.5 97.0
PRAGA 1533 983 983 989 987 98.3 98.9 97.9 98.4
RIA(ours) 1549 994 994 997 99.7 99.4 99.7 99.3 99.4
A +1.6 +1.1 +1.1 +08 +1.0 +1.1 +0.8 +1.4 +1.0

Table 3: Results of quantitative experiments using nine metrics on the Spatial Multi-modal Omics Simulation Dataset.

Methods MI NMI AMI FMI ARI V-Measure F1-Score Jaccard Compl.
wlo Ly 709 38.0 37.6 417 276 38.0 41.0 25.8 34.7
w/0 Lpnm 69.9 377 374 409 273 37.7 40.5 25.0 33.8
wio Lapei 70.5 379 375 413 274 37.9 40.8 25.2 34.1
w/o Ly + Lapei 70.8 375 372 411 274 37.5 40.7 25.2 34.3
wlo Ly + Lonm 70.1 375 370 409 273 37.5 40.4 24.8 34.0
w/o Lppm + Lapear  69.8 373 369 405 27.1 373 40.2 24.7 33.6
RIA 723 387 383 433 289 38.7 42.8 27.3 36.1

Table 4: Ablation study for our proposed learnable omics-specific graph, homogeneity loss £, bnm loss Ly, and dynamic
prototype contrast learning loss Lg,; on the human lymph node dataset. w/o is the abbreviation of without. The best experi-
mental results are marked in bold.

architecture, which is crucial for understanding tissue func- Figure 4), which is designed to simulate biological samples
tion. with clear organizational hierarchies such as the cerebral

. . cortex. Similarly, in the latent space representation analy-
Next, we evaluated on a simulated dataset (as shown in ¥ P P y
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Figure 3: Visualization of spatial omics clustering results on
the human lymph node dataset.
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Figure 4: Visualization results and UMAP plots of Spatial-
glue, PRAGA, and RIA (ours) on spatial multimodal omics
simulation datasets.

sis: In the UMAP map of SpatialGlue, most cells are clus-
tered into a large main cluster, and only a few small clusters
are separated, indicating that it fails to effectively distin-
guish cell types with similar structures. Both PRAGA and
RIA successfully separate the data into multiple discrete
clusters. However, the clusters generated by RIA are more
evenly distributed in the latent space, with smaller intra-
cluster variance and higher separation, showing its effective-
ness in resolving fine structures. In terms of spatial domain
recognition analysis: In the visualization of the spatial do-
main, all methods roughly restore the blocky structure of the
data. However, the region boundaries identified by RIA and
PRAGA are clearer and sharper than those of SpatialGlue.
In particular, RIA, whose identified domain boundaries are
perfectly aligned with the intrinsic grid structure of the data,
has almost no misclassified outliers, and almost perfectly re-
constructs the ”ground truth” spatial pattern of the simulated
data. This fully demonstrates the powerful ability of RIA in
the task of accurate spatial domain segmentation.

Ablation studies. As depicted in Table 4, we conduct
comprehensive experiments on different model variants to
explore the contributions of each proposed module. RIA
w/o L, represents the absence of homogeneity loss £;,. RIA
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Figure 5: Visualization of hyperparameter sensitivity exper-
iments.

w/o Lpnm represents the absence of bnm loss Ly, RIA
w/lo Lgpci represents the absence of dynamic prototype con-
trastive learning loss Lgpc;. From the results, we can see
that the performance degrades after deleting a single mod-
ule or two modules, which further proves the effectiveness
of our proposed RIA in integrating various modules and dis-
tinguishing the degree of clustering results.
Hyper-parameter sensitivity. To further verify the effec-
tiveness and stability of the key hyperparameters of the
model, we selected the Human Lymph Node dataset for sen-
sitivity analysis. We focused on the impact of the weight
coefficient a of Lpp,, and the weight coefficient 8 of Lgpei
in the loss function on the performance of the RIA model.
As shown in Figure 5, within a range of a and g values,
the various evaluation indicators of the model remain stable.
This result strongly proves that the RIA model is insensitive
to the values of the core hyperparameters, indicating that it
has good robustness, so that it can be more conveniently ap-
plied to a wider range of research scenarios without tedious
parameter tuning.

Conclusion

In this paper, we propose a Robust Integrative Analy-
sis (RIA) of multi-omics datasets via nuclear-norm max-
imization (bnm). By leveraging bnm-driven representa-
tion enhancement, RIA addresses key challenges in spa-
tial omics analysis including cross-modal integration and
discriminative-diverse representation learning. Our theoret-
ical contributions establish bnm as a principled optimizer
for omics data, proving its ability to tighten generalization
bounds. We also validate empirically on HLN and Simula-
tion datasets. The framework’s dynamic graph aggregation
captures biologically meaningful interactions beyond spatial
proximity, while prototype contrast ensures semantic align-
ment across modalities.
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