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MELON: Multimodal Learning Framework for
Spatial Multi-Omics Data Integration
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Abstract
Spatial multi-omics technologies measure mul-
tiple molecular modalities on the same tissue
section, but existing integration methods opti-
mize for shared structure and rarely preserve
the cross-modal synergistic signal that emerges
only from joint observation across modalities.
We present MELON, a representation-learning
framework built around a partial-information-
decomposition (PID)-guided contrastive objec-
tive that explicitly preserves redundant, unique,
and synergistic cross-modal information, com-
bined with a learned neighborhood-aware spatial
bias that respects local tissue structure. On a
controlled simulation isolating cross-modal syn-
ergy, MELON recovers a synergy-only label well
above chance while seven multi-omics baselines
remain at chance. On three real-data benchmarks
spanning RNA–ATAC and RNA–protein settings,
MELON achieves consistently higher agreement
with anatomical reference labels than seven es-
tablished baselines and produces more spatially
contiguous domains with sharper boundaries; a tri-
modal tonsil extension confirms that these gains
transfer beyond the bi-modal setting.

1. Introduction
Spatial multi-omics technologies measure multiple molecu-
lar and morphological modalities on the same tissue section
while preserving its spatial layout, enabling the study of
cellular identity, regulatory state, and microenvironmental
organization in situ. Representative settings include tran-
scriptome and proteome measurements in lymphoid tissue,
transcriptome and epigenome assays such as spatial ATAC
plus RNA-seq, and transcriptome with histology integration
that combines molecular profiles with tissue morphology
(Long et al., 2024; Zhang et al., 2023; Jiang et al., 2023;

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Submitted to the AI for Science workshop (ICML 2026).

Coleman et al., 2025). A key analysis task is spatial domain
identification, which groups spatial locations into biologi-
cally meaningful regions or cell-state neighborhoods, and is
naturally framed as a multi-modality representation-learning
problem in which each modality contributes complementary
information: gene expression captures transcriptional out-
put, while paired modalities such as chromatin accessibility,
protein abundance, or hematoxylin and eosin (H&E)-stained
histology images add regulatory, phenotypic, or structural
context.

Existing approaches range from spatial-agnostic factor anal-
yses to dedicated spatial multi-omics models with graph or
smoothness priors (§2), and they share a common objective:
capture what the modalities have in common. This is a sub-
stantial limitation: spots with similar transcriptomes can dif-
fer in chromatin accessibility, protein abundance, or tissue
morphology, reflecting distinct regulatory programs, signal-
ing states, or microenvironmental contexts. Accessible en-
hancers may indicate lineage priming before RNA changes
are detectable, protein levels may reflect post-transcriptional
regulation not captured by gene expression, and histology
may reveal stromal or immune structure only weakly cor-
related with molecular profiles. Methods that prioritize
consensus structure therefore collapse biologically distinct
spots into the same cluster, since alignment-, reconstruction-
, and shared-embedding objectives all emphasize redundant
information by construction.

To address this, we propose MELON (Multi-modal lEarn-
ing framework for spatial muLti-Omics integratioN), a spa-
tially aware framework that preserves shared, modality-
specific, and synergistic cross-modal information. MELON
encodes each modality with a dedicated encoder, then in-
jects a learned neighborhood-aware spatial bias from a
graph-attention module into a fusion transformer that mod-
els higher-order cross-modal interactions. The whole stack
is trained with a partial-information-decomposition (PID)-
guided (Williams & Beer, 2010; Bertschinger et al., 2014)
multi-modality contrastive objective (Tian et al., 2020; Dufu-
mier et al., 2024) that contrasts each single-modality embed-
ding against the joint embedding, encouraging the learned
representation to retain redundant, unique, and synergistic
signal rather than collapsing to what the modalities share.
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MELON: Multimodal Learning for Spatial Multi-Omics Integration

Figure 1 summarizes the framework.

We evaluate MELON on paired spatial multi-omics datasets
spanning molecular–molecular and molecular–protein set-
tings, plus a tri-modal RNA, protein, and H&E extension.
Our contributions are:

• Problem framing. We formulate spatial multi-omics
integration as preserving shared, modality-specific, and
synergistic cross-modal information, rather than only
what the modalities share.

• Architecture. We propose MELON, which injects a
learned NeighborhoodGAT spatial bias directly into
the multi-modality fusion-transformer attention of a
PID-guided contrastive backbone.

• Empirical synergy preservation. On a controlled
simulation isolating cross-modal synergy, MELON re-
covers a synergy-only label well above chance while
every baseline remains at chance.

• Empirical utility. On three paired spatial multi-omics
benchmarks plus a tri-modal tonsil extension, MELON
produces more accurate, spatially coherent, and bi-
ologically interpretable spot embeddings than seven
established baselines.

2. Related Work
Existing spatial multi-omics integration methods learn a uni-
fied embedding from heterogeneous modalities but typically
optimize for shared structure: Seurat (Hao et al., 2021),
MOFA+ (Argelaguet et al., 2020), TotalVI (Gayoso et al.,
2021), and MultiVI (Ashuach et al., 2023) treat spots as i.i.d.
and ignore spatial neighborhoods; MEFISTO (Velten et al.,
2022) adds Gaussian-process spatial priors but its recon-
struction loss emphasizes redundancy; SpatialGlue (Long
et al., 2024) couples graph convolutions with a VAE per
modality, yet still relies on reconstruction and can over-
smooth boundaries. MultiGate (Miao et al., 2025) uses
a two-level graph attention autoencoder that couples spa-
tial context with cross-modality feature relationships, and
MISO (Coleman et al., 2025) integrates spatial molecular
measurements with H&E morphology in a deep multimodal
framework. None target cross-modal synergistic signal ex-
plicitly.

Contrastive representation learning offers a complementary
lens. InfoNCE (van den Oord et al., 2018) underpins Sim-
CLR (Chen et al., 2020), CLIP (Radford et al., 2021), and
the multi-view CMC framework of Tian et al. (2020); stan-
dard CLIP-style two-modality losses provably capture only
the redundant component R of the partial information de-
composition (PID, Williams & Beer (2010); Bertschinger
et al. (2014)). CoMM (Dufumier et al., 2024) introduced

a modality-masking InfoNCE that aligns with all four PID
components (R, U1, U2, synergy S); MELON adopts this
objective and applies it to spatial multi-omics tokens.

Two families inject spatial structure into representation
learning for spatially resolved data. Graph-neural-network
approaches building on graph attention (Veličković et al.,
2018) do explicit message passing over a spatial graph (e.g.,
STAGATE (Dong & Zhang, 2022) as a graph attention au-
toencoder, GraphST (Long et al., 2023) for graph contrastive
learning, and SpaceFlow (Ren et al., 2022)), and are de-
signed for a single modality. Attention-bias approaches
instead modulate Transformer attention with positional pri-
ors, e.g. ALiBi (Press et al., 2022) and relative position
biases (Raffel et al., 2020; Shaw et al., 2018). MELON’s
NeighborhoodGAT belongs to the second family: it outputs
an additive log-space attention bias from a k-NN spatial
prior plus a feature-aware GAT score, without performing
message passing.

3. Methods
MELON consists of an architecture (§3.2–§3.4) that maps
a multimodal spatial input to a spot embedding through
modality-specific encoders, a NeighborhoodGAT spatial
bias, and a fusion transformer, and a training proce-
dure (§3.5–§3.6) based on label-preserving augmentations,
modality masking, and a PID-guided contrastive loss. Pre-
processing, token layouts, and other architectural details are
deferred to Appendix B.

3.1. Problem Formulation

We consider N spatial spots, each observed with n aligned
modalities and a 2D coordinate. Spot i is represented by per-
modality feature vectors x

(m)
i ∈ Rdm for m = 1, . . . , n

and a coordinate si ∈ R2, giving matrices X(m) ∈
RN×dm and S ∈ RN×2. We write the full input as
X =

(
X(1), . . . , X(n), S

)
. The framework is modality-

agnostic: each X(m) can be a count matrix, a continuous
feature matrix, or a low-rank reduction of either, and the
same architecture applies for any n ≥ 2 (we instantiate
n = 2 in the bi-modal experiments and n = 3 in the tonsil
tri-modal extension). The goal is to learn spot embeddings(
x
(1)
i , . . . , x

(n)
i , si

)
7→ zi ∈ Rd that support spatial domain

clustering while preserving shared, modality-specific, and
synergistic cross-modal information.

3.2. Modality Specific Encoders

Each modality m is first mapped by a dedicated encoder
fm to an intermediate hidden-feature tensor H(m) in its na-
tive feature space, and then projected by a lightweight con-
verter ϕm to a per-modality token tensor T (m) in a shared
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Figure 1. Overview of the MELON framework. The input is a pair of modality matrices (e.g., genes and ATAC peaks or proteins)
together with spot coordinates. Each modality is passed through two label-preserving augmentations and its own encoder into a shared
token space. The per-modality tokens are then fused by a transformer whose attention is biased by a learned spatial term produced by
NeighborhoodGAT from the k-NN spatial graph. Per-spot embeddings are computed under three modality masks (Mod 1 only, Mod 2
only, and joint) and trained with a multi-modality contrastive loss that aligns each single-modality view with the joint view, targeting
the redundancy, modality-specific uniqueness, and synergy components of PID. The resulting spatial embedding supports downstream
clustering.

d-dimensional token space:

H(m) = fm(X(m)) ∈ RN×Lm×de ,

T (m) = ϕm(H(m)) ∈ RN×L′
m×d,

m ∈ {1, . . . , n}.

(1)
Here N is the number of spots, Lm and L′

m are modality-
specific token-sequence lengths (equal to 1 under the spot-
level tokenization of Appendix B.2), de is the encoder’s
native hidden width, and d is the shared token width used by
the fusion transformer. The same encoders are shared across
both augmentations and all n+1 modality masks (a total of
2(n+ 1) training embeddings per spot). Separate encoders
preserve modality-specific structure, while the converters
ϕm align all modalities into a common token space of di-
mension d for downstream fusion. Default architectures and
tokenization details are given in Appendix B.2.

3.3. Neighborhood-Aware Graph Attention

To encode local tissue structure, we combine a k-nearest-
neighbor spatial prior with a feature-aware graph attention
layer (NeighborhoodGAT) that produces a learned attention
bias for the fusion transformer. Let {si}Ni=1 be the 2D co-
ordinates and xi ∈ Rdx the per-spot node features obtained
by concatenating the per-modality token streams. From the
coordinates we build a binary kNN mask M ∈ {0, 1}N×N

and a Gaussian distance prior

wspatial
ij = exp

(
−∥si − sj∥22

2σ2

)
Mij , (2)

with σ = median
(
{∥si−sj∥2 : Mij = 1}

)
, which depends

on the spatial coordinates alone. For each of nh attention
heads we project node features through a learned matrix
W (h) ∈ Rdh×dx , h(h)

i = W (h)xi, and score each ordered
pair (i, j) with two per-head learned vectors a

(h)
src , a

(h)
dst ∈

Rdh in additive GAT form:

α
(h)
ij = LeakyReLU

(
a(h)⊤src h

(h)
i + a

(h)⊤
dst h

(h)
j

)
. (3)

We add the log spatial prior to the edge logit, mask non-kNN
entries to −∞, and softmax over neighbors,

w
(h)
ij =

exp
(
α
(h)
ij + logwspatial

ij

)
Mij∑

j′:Mij′=1 exp
(
α
(h)
ij′ + logwspatial

ij′

) , (4)

and the final bias is the head-averaged log weight,

wij =
1

nh

nh∑
h=1

w
(h)
ij , Bij = log(wij + ε), (5)

where ε > 0 is for numerical stability. The spatial prior
wspatial and the kNN mask M are deterministic functions
of the spot coordinates and act as a structural constraint that
restricts attention to local neighborhoods; the GAT scores
α(h) are feature-dependent and let the bias adapt to local
content. Bias tiling and masked-embedding subsetting are
described in Appendix B.3.

3.4. Fusion Transformer

Given the per-modality tokens and the spatial bias B, the
fusion module stacks per-modality, per-spot tokens from all
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N spots in the batch into a single token sequence,

T = concat
(
T (1), T (2), . . . , T (n)

)
∈ RnN×d, (6)

where each T (m) ∈ RN×d contributes one token per
spot. Transformer attention (Vaswani et al., 2017) then
runs jointly across all nN spot–modality tokens, with the
spot-level bias B from NeighborhoodGAT tiled into the
n×n modality blocks of an nN ×nN matrix Bspatial (Ap-
pendix B.3), so the same spot-level bias governs both within-
modality and cross-modal attention. Adding a learned or
geometry-derived bias to the attention logits follows the
attention-bias paradigm used by ALiBi (Press et al., 2022)
and T5/Shaw-style relative position biases (Raffel et al.,
2020; Shaw et al., 2018); here the bias is derived from the
spatial k-NN graph via NeighborhoodGAT rather than from
token indices:

Attn(Q,K, V ) = softmax

(
QK⊤
√
dk

+Bspatial

)
V. (7)

After fusion, the output tokens T̃ = Fθ(T ; Bspatial) are
reshaped back to modality-by-spot blocks and averaged
across modalities to recover one embedding per spot:

zi =
1

n

n∑
m=1

T̃
(m)
i . (8)

Exact token layouts and recovery operations are deferred to
Appendix B.2 and Appendix B.3. We write the full encoder
pipeline (modality encoders + NeighborhoodGAT + fusion
+ spot pooling) as fθ in the remainder of this section.

3.5. Multimodal Augmentations and Masked
Embeddings

Following standard contrastive self-supervised prac-
tice (Chen et al., 2020; Tian et al., 2020), for each batch we
draw two label-preserving augmentations t1, t2 ∼ T and
form two augmented multimodal inputs

X ′ = t1(X), X ′′ = t2(X). (9)

The augmentation family T is chosen per assay rather than
fixed by the architecture; the concrete instantiations used
in our experiments (e.g. Gaussian noise on continuous fea-
tures, Bernoulli dropout on sparse binary features, aligned
cross-spot mixing) are described in Appendix B.1. Each
augmented input is passed through fθ under n+ 1 modal-
ity masks: n single-modality masks M[m] that keep only
modality m and replace every other modality slot with a
learned [MSK] token, and one joint mask M[⋆] that keeps
all modalities, yielding embeddings

z′[k] = fθ(X
′,M[k]), z′′[k] = fθ(X

′′,M[k]), k ∈ {1, . . . , n, ⋆},
(10)

or 2(n + 1) embeddings per spot in total. The n single-
modality embeddings probe what each modality contributes
in isolation; the joint embedding z[⋆] is what all single-
modality embeddings are aligned against in the contrastive
loss of §3.6.

3.6. PID-Guided Contrastive Learning

We train MELON with a multi-modality contrastive ob-
jective whose components target the four terms of the
partial information decomposition (PID) of Williams &
Beer (2010); Bertschinger et al. (2014): redundancy (R),
modality-specific uniqueness (Um), and synergy (S). The
objective extends the multi-modality contrastive paradigm
of Tian et al. (2020) via the modality-masked, PID-aware
decomposition of Dufumier et al. (2024), instantiated on
the per-modality token streams produced by our spatially
biased fusion transformer. Given two batches of normalized
embeddings Z,Z ′ ∈ RN×d, with rows (zi, z′i) forming pos-
itive pairs, we use the InfoNCE estimator (van den Oord
et al., 2018)

ÎNCE(Z,Z
′) = E(z,z′

pos)
Ez′

neg[
log

exp(sim(z, z′pos)/τ)∑
z′
neg

exp(sim(z, z′neg)/τ)

]
,

(11)
where sim(·, ·) is the cosine similarity and τ > 0 is a tem-
perature. Expectations are approximated with in-batch posi-
tives and negatives.

Recall from §3.5 that for each spot we have 2(n + 1) em-
beddings: a joint multimodal embedding z[⋆] and n single-
modality embeddings z[m], each computed under both aug-
mentations A = t1(X) and B = t2(X). We denote
the corresponding batch matrices by Z ′[k] and Z ′′[k] for
k ∈ {1, . . . , n, ⋆}.

For each mask k, the per-mask loss pairs the mask-k embed-
ding under one augmentation against the joint embedding
under the other augmentation, in a symmetrized form:

Lk = −1

2

(
ÎNCE

(
Z ′[k], Z ′′[⋆]) + ÎNCE

(
Z ′′[k], Z ′[⋆])).

(12)
The cross-augmentation pairing (anchor from A, joint em-
bedding from B, and vice versa) prevents the same augmen-
tation from appearing on both sides of an InfoNCE term.
The total MELON loss averages over all n+1 masks, includ-
ing the joint mask itself, which acts as a self-consistency
term for the joint embedding:

LMELON =
1

n+ 1

(
L⋆ +

n∑
m=1

Lm

)
. (13)

Concretely, L⋆ aligns the joint embedding under both
augmentations (encouraging augmentation invariance of
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the multimodal representation), while each Lm aligns the
modality-m-only embedding with the joint embedding (en-
couraging the joint embedding to remain consistent with
what each modality contributes in isolation). For n = 2 this
reduces to a three-term objective L = 1

3 (Lm1
+Lm2

+L⋆).
The synergy-identification argument is inherited from the
modality-masked InfoNCE of Dufumier et al. (2024).

4. Experiments
4.1. Simulation

Real-data clustering metrics (ARI, NMI) cannot isolate
which aspects of representation quality drive a method’s
success: spatial-domain preservation, modality-specific at-
tribute preservation, and cross-modal information retention
all contribute to spatially coherent domains. To separate
these effects, we evaluate MELON and six external integra-
tion methods on a controlled spatial multi-omics simulation
with four ground-truth targets: a coarse spatial domain R,
modality-specific attributes U (RNA-side) and C (ATAC-
side), and a binary cross-modal matching label Y gener-
ated from a hidden permutation π that ties U to C. Each
dataset is a paired RNA/ATAC simulated section, generated
under three independent seeds. We freeze each method’s
embedding and probe its information about R, U , C, and
Y separately, reporting mean ± std across the three seeds.
Full data-generating process, probe specifications, hyperpa-
rameters, and validation are in Appendix C.

Method comparison. Table 1 reports balanced accuracy
on all four targets. MELON is the only method that recovers
the synergy label Y clearly above chance; every external
baseline remains near chance on Y , even those that preserve
the modality-specific attributes U and C at high accuracy.
Preserving U and C alone is therefore not sufficient: the
embedding must additionally retain the cross-modal binding
between them. The simulation is best read as a controlled
cross-modal synergy assay, with the headline claim specifi-
cally about Y .

Component ablation. Within MELON, we ablate two
design axes on Y recovery: data augmentation and the
NeighborhoodGAT spatial bias (Table 2). Removing aug-
mentation produces the largest single drop in Y recovery,
identifying it as the dominant MELON-internal contributor
to cross-modal information retention. Removing the spa-
tial bias also reduces both Y and the spatial-domain target
R, so spatial conditioning helps both spatial-domain and
cross-modal recovery. As a unimodal sanity check, retrain-
ing MELON on RNA-only or ATAC-only inputs collapses
Y to chance, confirming that Y recovery requires joint ob-
servation of both modalities rather than memorisation of
either modality-specific attribute alone (full six-variant ab-

lation including double-knockouts and unimodal controls in
Appendix C.7).

4.2. Main Performance

We evaluate MELON on three paired spatial multi-omics
datasets and compare against the same seven baselines as
§4.1, dispatching TotalVI for the RNA–protein lymph node
and MultiVI for the RNA–ATAC datasets: (i) a Mouse E15.5
brain MISAR-seq (Jiang et al., 2023) RNA–ATAC sagittal
cryosection (Fig. 2); (ii) a Human lymph node 10x Visium
RNA–ADT co-profile (Appendix Fig. 5); and (iii) a Mouse
E13 embryo whole-section RNA–ATAC profile (Appendix
Fig. 6). Dataset statistics and curated anatomical labels are
in Appendix A; metric definitions in Appendix D.2.

Performance across datasets and metrics. Across the
eleven-metric panel (full Appendix Table 13; eight-metric
subset in Table 3), MELON attains the best median (me-
dian ± IQR over swept cluster numbers k) on all 11 met-
rics for the Mouse E15.5 brain, on 9 of 11 for the Hu-
man lymph node (with SpatialGlue leading homogene-
ity and MISO leading FMI), and on 10 of 11 for the
Mouse E13 embryo (with Seurat WNN winning only the
internal-compactness CHI). The spatial-aware SpARI mir-
rors the ARI lead, consistent with sharper anatomical bound-
aries at the DPallm/DPallv, subpallium/thalamus, and mid-
brain/hindbrain interfaces in the brain (Fig. 2), the follicle/T-
cell-zone and medulla/capsule interfaces in the lymph node
(Appendix Fig. 5), and the neural/mesenchymal contacts in
the embryo (Appendix Fig. 6).

4.3. Scalability on Triple-Modal Integration

Beyond the bi-modal benchmarks, MELON’s fusion ar-
chitecture extends naturally to three or more modalities,
and its modality-agnostic encoder design also accommo-
dates image-derived features as an additional input modality
alongside molecular profiles. We demonstrate both on a pub-
lic 10x Visium CytAssist FFPE human tonsil sample with
paired RNA, antibody capture, and H&E modalities (full
preprocessing in Appendix D.7). We reuse the bi-modal
baselines from §4.2 that support tri-modal inputs (MISO,
MOFA+, MEFISTO, Seurat WNN, SpatialGlue) and add
the tri-modal-specific GROVER (Xiao et al., 2025). With no
manual annotation for this slide, we evaluate cluster recov-
ery against six canonical tonsil compartments (germinal cen-
ter, mantle, T-zone, plasma, myeloid, epithelium) defined by
IHC marker rules on the antibody panel; per-compartment
best-cluster F1 against the marker pseudo-mask is reported,
with the cross-compartment mean as the tissue-wide score.

MELON achieves the highest mean F1 (Table 4) and ranks
first on the three largest compartments (mantle, T-zone,
plasma; Appendix Fig. 13). Modality ablation reduces
mean F1 substantially when any single modality is dropped
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Table 1. Method comparison on the controlled simulation. Balanced accuracy and macro F1 are reported as mean ± std across three
seeds; AUROC is reported for the binary target Y . Best per column in bold.

R U C Y

Method BalAcc F1 BalAcc F1 BalAcc F1 BalAcc F1 AUROC

MELON 0.930 ± 0.019 0.931 ± 0.016 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 0.718 ± 0.044 0.768 ± 0.055 0.881 ± 0.081

SpatialGlue 0.980 ± 0.012 0.979 ± 0.012 0.964 ± 0.009 0.964 ± 0.008 0.939 ± 0.010 0.938 ± 0.011 0.512 ± 0.011 0.496 ± 0.012 0.604 ± 0.023
Seurat WNN 0.972 ± 0.012 0.972 ± 0.013 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 0.499 ± 0.001 0.473 ± 0.004 0.534 ± 0.016
MISO 0.673 ± 0.041 0.662 ± 0.045 0.877 ± 0.064 0.876 ± 0.064 0.966 ± 0.018 0.965 ± 0.018 0.503 ± 0.003 0.481 ± 0.005 0.552 ± 0.023
MultiVI 0.229 ± 0.011 0.222 ± 0.010 0.990 ± 0.014 0.990 ± 0.014 0.198 ± 0.043 0.183 ± 0.045 0.501 ± 0.001 0.477 ± 0.002 0.496 ± 0.007
MEFISTO 0.212 ± 0.004 0.192 ± 0.006 0.937 ± 0.022 0.935 ± 0.023 1.000 ± 0.000 1.000 ± 0.000 0.504 ± 0.006 0.484 ± 0.013 0.529 ± 0.018
MOFA+ 0.208 ± 0.003 0.190 ± 0.006 0.928 ± 0.027 0.924 ± 0.031 0.999 ± 0.001 0.999 ± 0.001 0.500 ± 0.005 0.478 ± 0.005 0.515 ± 0.022

H&E
RNA (unimodal)

ARI = 0.220
MELON

ARI = 0.430
Seurat

ARI = 0.303
MultiGate

ARI = 0.344
MOFA+

ARI = 0.129

Ground Truth
ATAC (unimodal)

ARI = 0.246
MISO

ARI = 0.206
SpatialGlue
ARI = 0.307

TotalVI
ARI = 0.084

MEFISTO
ARI = 0.145

cartilage
cerebellar vemis

diencephalon
dpallm

dpallv
hindbrain

mesenchyme
midbrain

muscle
skull

subpallium
thalamus

Figure 2. Mouse E15.5 brain results: H&E tissue image, ground-truth annotation, and spatial domain assignments from MELON and
seven multimodal baselines (ARI labeled per panel; methods ordered consistently across datasets). Quantitative clustering metrics across
all methods are reported in Table 3.

Table 2. MELON variant ablation on the simulation. Balanced
accuracy (mean ± std across three seeds) on each of the four
targets. Best per column in bold. Macro-F1 and AUROC for Y
are reported in Appendix Table 11.

Variant R U C Y

MELON (full) 0.930± 0.019 1.000± 0.000 1.000± 0.000 0.718± 0.044
− spatial bias 0.870± 0.045 1.000± 0.000 1.000± 0.000 0.592± 0.033
− augmentation 0.912± 0.042 1.000± 0.000 0.997± 0.001 0.516± 0.018

(Table 4, lower rows), confirming that each modality con-
tributes substantively to the integrated performance. Per-
compartment AUROC, H&E overlay, and per-method spa-
tial maps are in Appendix D.7.

4.4. Sensitivity Analysis and Ablation Study

We sweep MELON’s two main hyperparameters on the
Mouse E15.5 brain dataset: the spatial neighborhood size
knn used by NeighborhoodGAT, and the augmentation
probability paug used during contrastive training (Fig. 3).
MELON is robust to the spatial graph size with graceful
degradation in both directions around the default, indicat-
ing that the spatial bias does not require careful tuning.

Augmentation is the dominant contributor to real-data per-
formance: ARI rises sharply once augmentation is enabled
and then saturates with little dependence on its exact fre-
quency. Removing either augmentation or the spatial bias
substantially degrades every clustering metric on the Mouse
E15.5 brain, with ARI and SpARI roughly halving (Table 5;
full eight-metric panel in Appendix D.5), confirming that
the simulation-level component conclusions transfer to real
spatial multi-omics tissue.

(a) Sensitivity of knn. (b) Sensitivity of paug.

Figure 3. Parameter sensitivity analysis on the Mouse E15.5 brain.
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Table 3. Main performance: clustering metrics across the three benchmarked datasets (median ± IQR over swept cluster numbers k;
k ∈ {6, 8, 10, 12, 14} for Mouse E15.5 Brain and Human Lymph Node, k ∈ {10, 12, 14, 16, 18} for Mouse E13 Embryo). Best per
(dataset, metric) in bold. Full 11-metric panel in Appendix Table 13.

Dataset Method ARI NMI AMI Homog. SpARI FMI Jaccard Purity

Mouse E15.5 Brain

MELON 0.480 ± 0.022 0.569 ± 0.005 0.561 ± 0.006 0.532 ± 0.028 0.532 ± 0.030 0.567 ± 0.016 0.384 ± 0.016 0.678 ± 0.032
MISO 0.216 ± 0.011 0.372 ± 0.027 0.364 ± 0.026 0.355 ± 0.046 0.176 ± 0.014 0.324 ± 0.007 0.193 ± 0.003 0.485 ± 0.034
Seurat WNN 0.291 ± 0.017 0.483 ± 0.007 0.475 ± 0.010 0.491 ± 0.041 0.224 ± 0.026 0.376 ± 0.016 0.226 ± 0.008 0.560 ± 0.041
SpatialGlue 0.285 ± 0.024 0.515 ± 0.019 0.508 ± 0.016 0.524 ± 0.063 0.249 ± 0.021 0.381 ± 0.026 0.235 ± 0.024 0.625 ± 0.055
MultiGate 0.344 ± 0.025 0.515 ± 0.006 0.508 ± 0.004 0.516 ± 0.050 0.321 ± 0.110 0.425 ± 0.061 0.270 ± 0.038 0.596 ± 0.027
MultiVI 0.086 ± 0.019 0.212 ± 0.059 0.200 ± 0.056 0.199 ± 0.068 0.001 ± 0.014 0.211 ± 0.001 0.117 ± 0.002 0.372 ± 0.051
MOFA+ 0.130 ± 0.018 0.300 ± 0.017 0.289 ± 0.014 0.273 ± 0.033 0.085 ± 0.021 0.265 ± 0.024 0.152 ± 0.013 0.436 ± 0.021
MEFISTO 0.151 ± 0.009 0.301 ± 0.018 0.292 ± 0.017 0.281 ± 0.031 0.087 ± 0.018 0.269 ± 0.019 0.155 ± 0.009 0.443 ± 0.021

Human Lymph Node

MELON 0.298 ± 0.028 0.379 ± 0.002 0.374 ± 0.001 0.401 ± 0.033 0.307 ± 0.038 0.454 ± 0.018 0.293 ± 0.015 0.643 ± 0.009
MISO 0.241 ± 0.046 0.305 ± 0.035 0.301 ± 0.032 0.263 ± 0.071 0.281 ± 0.017 0.455 ± 0.003 0.285 ± 0.010 0.576 ± 0.065
Seurat WNN 0.182 ± 0.000 0.260 ± 0.006 0.256 ± 0.005 0.236 ± 0.017 0.185 ± 0.014 0.389 ± 0.018 0.240 ± 0.012 0.529 ± 0.004
SpatialGlue 0.227 ± 0.049 0.375 ± 0.023 0.371 ± 0.024 0.423 ± 0.023 0.195 ± 0.084 0.371 ± 0.065 0.220 ± 0.061 0.624 ± 0.008
MultiGate 0.148 ± 0.011 0.203 ± 0.013 0.199 ± 0.012 0.221 ± 0.038 0.147 ± 0.017 0.325 ± 0.022 0.192 ± 0.019 0.484 ± 0.001
TotalVI 0.181 ± 0.006 0.258 ± 0.001 0.253 ± 0.000 0.232 ± 0.001 0.187 ± 0.011 0.393 ± 0.010 0.242 ± 0.007 0.525 ± 0.004
MOFA+ 0.212 ± 0.032 0.321 ± 0.033 0.318 ± 0.031 0.306 ± 0.103 0.229 ± 0.025 0.415 ± 0.036 0.261 ± 0.020 0.589 ± 0.073
MEFISTO 0.200 ± 0.011 0.307 ± 0.007 0.302 ± 0.005 0.310 ± 0.045 0.221 ± 0.050 0.400 ± 0.044 0.249 ± 0.036 0.594 ± 0.046

Mouse E13 Embryo

MELON 0.385 ± 0.007 0.528 ± 0.010 0.519 ± 0.007 0.546 ± 0.039 0.362 ± 0.026 0.452 ± 0.022 0.290 ± 0.023 0.655 ± 0.008
MISO 0.227 ± 0.014 0.441 ± 0.031 0.431 ± 0.028 0.417 ± 0.046 0.251 ± 0.005 0.337 ± 0.002 0.197 ± 0.002 0.521 ± 0.053
Seurat WNN 0.266 ± 0.043 0.454 ± 0.017 0.443 ± 0.020 0.487 ± 0.017 0.223 ± 0.073 0.341 ± 0.047 0.201 ± 0.041 0.571 ± 0.005
SpatialGlue 0.280 ± 0.014 0.460 ± 0.022 0.451 ± 0.018 0.472 ± 0.063 0.238 ± 0.043 0.355 ± 0.018 0.215 ± 0.016 0.600 ± 0.061
MultiGate 0.170 ± 0.016 0.380 ± 0.008 0.369 ± 0.007 0.392 ± 0.031 0.168 ± 0.056 0.263 ± 0.036 0.151 ± 0.025 0.438 ± 0.021
MultiVI 0.092 ± 0.003 0.224 ± 0.033 0.212 ± 0.029 0.164 ± 0.030 0.140 ± 0.005 0.321 ± 0.000 0.149 ± 0.000 0.307 ± 0.006
MOFA+ 0.201 ± 0.012 0.389 ± 0.012 0.377 ± 0.009 0.383 ± 0.040 0.199 ± 0.033 0.295 ± 0.017 0.173 ± 0.010 0.491 ± 0.030
MEFISTO 0.207 ± 0.015 0.391 ± 0.003 0.381 ± 0.007 0.392 ± 0.018 0.189 ± 0.050 0.302 ± 0.032 0.178 ± 0.021 0.496 ± 0.017

Table 4. Tri-modal extension on human tonsil. Mean best-cluster
F1 across six canonical tonsil compartments (germinal center,
mantle, T-zone, plasma, myeloid, epithelium) defined by IHC
marker rules on the antibody panel; best in bold. Per-compartment
breakdown in Appendix Fig. 13.

Baseline F1 (↑) MELON variant F1 (↑)

MISO (Coleman et al., 2025) 0.346 ± 0.008 MELON (full) 0.415 ± 0.009
GROVER (Xiao et al., 2025) 0.351 ± 0.008 − image 0.355 ± 0.008
MOFA+ (Argelaguet et al., 2020) 0.339 ± 0.010 − protein 0.322 ± 0.008
MEFISTO (Velten et al., 2022) 0.337 ± 0.010 − RNA 0.322 ± 0.008
Seurat WNN (Hao et al., 2021) 0.370 ± 0.010
SpatialGlue (Long et al., 2024) 0.286 ± 0.008

Table 5. MELON component ablation on the Mouse E15.5 brain.
Median ± IQR over the swept cluster numbers k used in Table 3.
Best per metric in bold.

Variant ARI NMI SpARI FMI

MELON full 0.383 ± 0.024 0.553 ± 0.017 0.376 ± 0.028 0.466 ± 0.020
− augmentation 0.204 ± 0.017 0.368 ± 0.004 0.174 ± 0.047 0.320 ± 0.038
− spatial bias 0.215 ± 0.017 0.355 ± 0.017 0.190 ± 0.038 0.334 ± 0.026

4.5. Biological Significance

To probe biological interpretability, we train a small
joint pair-decoder that reconstructs both modalities from
MELON’s frozen embedding through a shared low-rank
bottleneck, so each factor acts as a joint cross-modal pro-
gram and high-scoring gene–peak (or gene–protein) pairs
are those whose two channels co-vary on the same factor
(Appendix D.6). Per-factor spatial usage broadly aligns
with the anatomical reference labels (Appendix Figs. 7, 8,
9), with each high-variance factor concentrating in a distinct
tissue region.

Selected high-support pairs surface canonical anatomical
markers across all three datasets: neural-crest Cdh19-
Pmpcb (Simões-Costa & Bronner, 2015) and progenitor
Mak-Pou3f1 (Zhu et al., 2014) pairs in the E13 embryo
localize to the developing neural tube and surrounding
mesenchyme (Fig. 12); cortical and lineage genes (Myl4,
Abi3bp, Fgfr3) coupled to chromosomal-coordinate ATAC
peaks in the E15.5 brain (Fig. 10); and gene-protein
pairs (ANXA1-FCGR3A/CD16 (Bruhns, 2012); EPCAM-
PAX5 (Nutt et al., 1999); CRLF1-CEACAM8) in canoni-
cal immune compartments of the lymph node (Fig. 11).
For these selected pairs, per-spot pair activity often shows

sharper anatomical boundaries than either marginal channel
alone, supporting investigation of spatially specific regula-
tory programs in spatial multi-omics tissues.

5. Conclusion
We presented MELON, a spatial multimodal representation-
learning framework combining modality-specific encoding,
neighborhood-aware spatial attention, transformer-based fu-
sion, and a PID-guided contrastive objective that preserves
redundant, modality-specific, and synergistic information.
On a controlled simulation isolating cross-modal synergy,
MELON is the only method to recover the synergy-only
label above chance (BalAcc = 0.718) while seven base-
lines remain at chance (≤ 0.51). Across three paired spatial
multi-omics benchmarks MELON yields spatially coherent
domains with higher agreement to anatomical annotations
than seven established baselines on the Mouse E15.5 brain
(ARI 0.480 vs. next-best 0.344), human lymph node (ARI
0.298 vs. 0.241), and Mouse E13 embryo (ARI 0.385 vs.
0.280). The framework extends naturally to a tri-modal
RNA, protein, and H&E tonsil setting, where MELON’s
full model achieves the highest mean compartment-recovery
F1 (0.415 vs. best baseline 0.370) and where ablating any

7



385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439

MELON: Multimodal Learning for Spatial Multi-Omics Integration

single modality drops F1 by ≥ 0.06, confirming that each
modality contributes complementary signal. Together, these
results demonstrate that PID-guided contrastive learning
combined with a learned spatial attention bias can preserve
cross-modal information that shared-representation methods
systematically miss, enabling the recovery of biologically
meaningful regulatory programs that emerge only from joint
modality observation. The framework is also general be-
yond spatial multi-omics: any setting where a multimodal
latent structure is organized over a known geometric prior
(single-cell trajectories, longitudinal imaging, multimodal
time series) can plausibly benefit from injecting a learned
bias from that prior into a PID-guided contrastive backbone.

MELON has been benchmarked with up to three modali-
ties on standard 2D sections; behavior under more modali-
ties, substantially larger tissues, or 3D coordinates remains
untested. The fusion transformer’s modest capacity means
the recovered PID components are a lower bound rather
than an exact decomposition. On the controlled simulation,
MELON excels at the synergy label Y but is not the best on
the redundancy and spatial-domain target R, reflecting an in-
herent trade-off in modality-masked contrastive objectives;
more recently developed masking strategies are a natural
direction for closing this gap. The augmentation setting may
need re-tuning for substantially noisier modalities, and the
k-NN spatial graph does not account for physical barriers
such as tissue boundaries or folds; future work could replace
the Euclidean prior with a tissue-aware graph constructed
from H&E segmentation or anatomy-derived adjacency.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning, with a specific application to com-
putational biology and spatial multi-omics data integration.
The method is designed for foundational research on tissue-
level biology and poses no foreseeable negative societal
impact; potential positive impacts include improving the res-
olution and interpretability of spatial-omics analyses used
in biomedical research. All datasets used in this work are
publicly available, and no human-subjects data are collected.
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Liò, P., and Bengio, Y. Graph attention networks. In
International Conference on Learning Representations,
2018.

Velten, B., Braunger, J. M., Argelaguet, R., Arnol, D.,
Wirbel, J., Bredikhin, D., Zeller, G., and Stegle, O. Iden-
tifying temporal and spatial patterns of variation from
multimodal data using MEFISTO. Nature Methods, 19
(2):179–186, 2022.

Vinh, N. X., Epps, J., and Bailey, J. Information theoretic
measures for clusterings comparison: Variants, proper-
ties, normalization and correction for chance. Journal of
Machine Learning Research, 11:2837–2854, 2010.

Wen, L., Dai, Q., Liu, J., Zheng, J., Dai, Y., Wang, D., Kang,
Z., Wang, J., Xu, Z., and Duan, J. InfMasking: Unleash-
ing synergistic information by contrastive multimodal
interactions. arXiv preprint arXiv:2509.25270, 2025.

Williams, P. L. and Beer, R. D. Nonnegative decom-
position of multivariate information. arXiv preprint
arXiv:1004.2515, 2010.

9



495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549

MELON: Multimodal Learning for Spatial Multi-Omics Integration

Xiao, Y., Meng, D., Huang, X., Liu, Y., Ruan, S., Qiao, Z.,
and Zheng, X. GROVER: Graph-guided representation of
omics and vision with expert regulation for adaptive spa-
tial multi-omics fusion. arXiv preprint arXiv:2511.11730,
2025.

Yan, Y., Feng, X., and Luo, X. Spatially aware adjusted
Rand index for evaluating spatial transcriptomics clus-
tering. Biometrics, 81(3):ujaf127, 2025. doi: 10.1093/
biomtc/ujaf127.

Zhang, D., Deng, Y., Kukanja, P., Agirre, E., Bartosovic, M.,
Dong, M., Ma, C., Ma, S., Su, G., Bao, S., Liu, Y., Xiao,
Y., Rosoklija, G. B., Dwork, A. J., Mann, J. J., Leong,
K. W., Boldrini, M., Wang, L., Haeussler, M., Raphael,
B. J., Kluger, Y., Castelo-Branco, G., and Fan, R. Spa-
tial epigenome–transcriptome co-profiling of mammalian
tissues. Nature, 616(7955):113–122, 2023.

Zhu, Q., Song, L., Peng, G., Sun, N., Chen, J., Zhang, T.,
Sheng, N., Tang, W., Qian, C., Qiao, Y., Tang, K., Han, J.-
D. J., Li, J., and Jing, N. The transcription factor Pou3f1
promotes neural fate commitment via activation of neural
lineage genes and inhibition of external signaling path-
ways. eLife, 3:e02224, 2014.

10



550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

MELON: Multimodal Learning for Spatial Multi-Omics Integration

A. Datasets and Preprocessing
We evaluate MELON on three paired spatial multimodal datasets that span embryonic brain, embryonic whole-embryo,
and human lymphoid tissue settings. Together they cover both RNA–ATAC and RNA–protein integration, different tissue
architectures, and a range of spatial domain granularities.

Table 6. Dataset statistics used in experiments. For ATAC modalities, the raw peak matrices are reduced to 50 components via TF–IDF +
LSI before modeling (Appendix B.1).

Dataset #Spots Modality 1 Modality 2 #Domains

Mouse E15.5 Brain 1,949 2,144 genes 47,287 peaks 12
Mouse E13 Embryo 2,187 17,058 genes 24,017 peaks 14
Human Lymph Node 3,484 18,085 genes 31 proteins 10

Mouse E15.5 Brain (MISAR-seq). This dataset profiles an embryonic day 15.5 mouse brain sagittal section using MISAR-
seq (Microfluidic Indexing-based Spatial ATAC and RNA-seq), which simultaneously measures chromatin accessibility
and gene expression at 50µm grid resolution (∼15–30 cells per spot) (Jiang et al., 2023). The dataset contains 1,949 spots
with 2,144 RNA features and 47,287 ATAC peaks. Ground-truth labels comprise 12 manually annotated neuroanatomical
regions (diencephalon, cartilage, hindbrain, dorsal pallium medial/ventral, mesenchyme, midbrain, skull, subpallium, muscle,
cerebellar vermis, thalamus), validated against the Allen Mouse Brain Atlas. RNA counts are library-size normalized to a
target sum of 104 per spot, followed by log(1 + x) transformation. ATAC peaks are transformed with the standard scATAC
dimensionality reduction (Cusanovich et al., 2018): term-frequency–inverse-document-frequency (TF–IDF) weighting
(peaks as terms, spots as documents) followed by Latent Semantic Indexing (LSI; truncated SVD with 50 components),
yielding a 50-dimensional input per spot. Raw RNA and ATAC fastq files are available at NCBI SRA accession SRP491963;
processed E15.5 data are released through the official MISAR-seq repository at https://github.com/gpenglab/
MISAR-seq.

Human Lymph Node (Visium RNA–ADT). This dataset profiles two sequential 5µm FFPE sections of a human lymph
node using the 10x Genomics Visium CytAssist platform (Long et al., 2024). Sections were stained with H&E following the
CytAssist FFPE protocol (CG000658, 10x Genomics) including deparaffinization, staining, imaging, and decrosslinking,
with imaging on an EVOS M7000 microscope (×20 objective). Spatial gene expression libraries were prepared with the
Visium Human Transcriptome Probe Set v2.0 and spatial protein expression libraries with the Human FFPE Immune Profiling
Panel (31 antibody targets + 4 isotype controls = 35-plex; antibodies from BioLegend and Abcam, signals normalized to
isotype controls). Libraries were sequenced on an Illumina NovaSeq S2 PE50 (∼2,000 M reads per lane) and processed
with Space Ranger v2.1.0 against GRCh38 (GENCODE v32 / Ensembl 98). The dataset contains 3,484 spots with 18,085
genes and 31 proteins. Reference labels comprise 10 manually annotated lymphoid compartments (medulla cords, medulla
sinuses, cortex, pericapsular adipose tissue, capsule, subcapsular sinus, follicle, medulla vessels, hilum, trabeculae) curated
from H&E images in Loupe Browser. RNA counts are library-size normalized to a target sum of 104 per spot, followed by
log(1 + x) transformation; ADT counts are transformed via centered log-ratio (CLR) normalization. Data are available at
https://zenodo.org/records/10362607.

Mouse E13 Embryo (spatial-ATAC–RNA-seq). This dataset profiles a whole embryonic day 13 mouse section with
paired RNA and ATAC (open chromatin / Tn5 accessibility peaks) using spatial-ATAC–RNA-seq, which co-profiles the
epigenome and transcriptome at 50µm pixel resolution (Zhang et al., 2023). It contains 2,187 spatial locations, 17,058
genes, and 24,017 ATAC peaks. Ground-truth annotations comprise 14 embryonic regions. Preprocessing follows the
same recipe as the E15.5 dataset: RNA counts are library-size normalized to a target sum of 104 per spot followed by
log(1 + x) transformation, and ATAC peaks are transformed via TF–IDF weighting followed by Latent Semantic Indexing
(truncated SVD with 50 components). This benchmark complements the E15.5 brain dataset by testing MELON on a larger
developmental system with broader anatomical diversity. Data are available at NCBI GEO accession GSE205055.

11

https://github.com/gpenglab/MISAR-seq
https://github.com/gpenglab/MISAR-seq
https://zenodo.org/records/10362607


605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659

MELON: Multimodal Learning for Spatial Multi-Omics Integration

B. Implementation Details
B.1. Preprocessing and Augmentations

MELON operates on modality-specific input matrices after standard preprocessing for each assay. The framework is agnostic
to the choice of preprocessing (continuous, normalized, or low-rank-reduced features all work as drop-in inputs to the
per-modality encoder fm); the concrete recipes used for the assays in our experiments (RNA, ATAC, ADT) are described in
Appendix A. During training, augmentations are applied before the encoder so that the model never observes a clean batch
in the contrastive forward pass.

For each batch, MELON samples two independent augmented multimodal inputs by independently applying three stochastic
transformations: Gaussian noise, feature dropout, and aligned cross-spot mixing (the latter shares its permutation and mixing
coefficient across all modalities of the same spot so that cross-modal correspondences are preserved). The functional form
of each augmentation and the exact hyperparameters used in our experiments (σ, dropout fraction, mixing distribution, and
activation probability) are listed in Appendix B.4.

B.2. Spot Tokenization and Token Recovery

Let N denote the batch size and n the number of modalities (n = 2 in the bi-modal experiments and n = 3 in the tonsil
tri-modal extension). After the modality-specific encoders and token-space projection, MELON has one embedding per spot
and per modality. With spot tokenization enabled, the batch dimension is reinterpreted as the token dimension, so that each
modality contributes a length-N token sequence:

T (m) ∈ R1×N×d, m ∈ {1, . . . , n}. (14)

Concatenating modalities yields a single token sequence

T = concat
(
T (1), . . . , T (n)

)
∈ R1×(nN)×d. (15)

Thus, token i corresponds to spot i in modality 1, token N + i to the same spot in modality 2, and so on. The transformer
therefore attends jointly across all spot–modality pairs in the batch.

After the fusion transformer outputs all active tokens, the resulting tensor is reshaped back into modality-by-spot blocks and
pooled across modalities to recover one fused embedding per spot:

T̃ ∈ R1×(nN)×d → Rn×N×d, zi =
1

n

n∑
m=1

t̃
(m)
i . (16)

This tokenization scheme is the default because it allows the transformer to model both cross-modal and cross-spot
interactions within a single attention layer.

B.3. Spatial Bias Tiling and Modality Masking

NeighborhoodGAT produces a spot-level spatial bias matrix B ∈ RN×N , where N is the batch size as defined in
Appendix B.2. Under spot tokenization, however, the transformer sees nN tokens rather than N spots. To align the
spatial prior with the token layout, we tile the spot-level bias across modality blocks into the matrix Bspatial used in the
fusion-transformer attention (§3.4). For n modalities, Bspatial is an n× n block matrix in which every block equals B; we
write the n = 2 case explicitly here for concreteness:

Bspatial =

[
B B
B B

]
∈ R2N×2N . (17)

This tiling enforces that the spatial relationship between spot i and spot j is modality-invariant: the same bias is used
whether attention connects within-modality token pairs (modality m to modality m) or cross-modal token pairs (modality
m to modality m′) for those two spots. For n modalities the construction generalizes by replacing the 2× 2 block matrix
above with an n× n block matrix whose every block is B.

MELON then evaluates the fusion module under n+ 1 modality masks: n single-modality passes and one joint multimodal
pass. When only modality m is active, the token sequence is physically subsetted and the tiled bias is sliced to the diagonal

12
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block corresponding to m, which by construction equals the underlying spot-level bias B. For the multimodal pass, the full
tiled matrix is used. This design guarantees that single-modality and multimodal forward passes share the same underlying
spot-level spatial bias.

B.4. Hyperparameters

MELON is implemented in PyTorch with PyTorch Lightning. Defaults are listed in Table 7 and broadly apply across the
benchmarked datasets, with light per-dataset adjustment of two parameters: the augmentation strength is slightly tuned to
the noise characteristics of each modality, and the batch size is scaled to the number of spots in the dataset. Sensitivity to the
two main spatial/augmentation hyperparameters is examined in §4.4. Augmentation functional forms are described in §3.5;
the values in the table refer to the parameters of those functions. After training, the joint embedding is clustered with Leiden
clustering; the implementation also supports Louvain, Walktrap, spectral, and GMM for downstream exploration.

Table 7. MELON default hyperparameters used across the three benchmarked datasets. Augmentation strength is lightly adjusted to each
dataset’s noise characteristics, and batch size is scaled to the number of spots.

Group Hyperparameter Value

Encoder

Per-modality encoder 2-layer MLP, dm→128→128, ReLU
Embedding dimension 128
Projection head 3-layer MLP, 128→256→256→128, SyncBatchNorm
Output normalisation L2

Fusion transformer

Layers 1
Attention Grouped Query Attention, 8 heads
MLP expansion / activation 4× / QuickGELU
Spatial bias additive (NeighborhoodGAT, see below)

NeighborhoodGAT

Layers / heads 1 / 8
Hidden dim per head 64
Attention dropout 0.1
LeakyReLU slope 0.2
Spatial k-NN graph k = 16, self-loops included

Optimisation

Optimiser Adam, (β1, β2) = (0.9, 0.999)
Learning rate 1×10−3

Weight decay 1×10−5

Schedule none
Epochs 100
Batch size 2,048

Loss Temperature τ 0.1
Per-mask weighting equal across n+1 masks (Eq. 13)

Augmentations

Activation probability p = 0.8 per augmentation
Gaussian noise σ = 0.05
Feature dropout fraction 0.2
Neighbour mix λ ∼ Beta(0.3, 0.3), shared π, λ across modalities

Reproducibility
Random seed 42 (PyTorch, NumPy, Python random)
Hardware CPU (Apple Silicon / MPS) or single CUDA GPU
Framework PyTorch + PyTorch Lightning

B.5. Compute Usage

All MELON runs in this paper used a single CUDA GPU with the defaults of Table 7 (100 epochs, batch 2,048). A single
MELON training on the Mouse E15.5 brain (1,949 spots, two modalities) takes about 7 minutes wall-clock (≈ 400 s training
plus ≈ 18 s downstream Leiden clustering). The largest single MELON run is the tri-modal tonsil training (§D.7; 4,194
spots, three modalities), which took 36.7 minutes wall-clock with 16.4GiB resident memory and 28.7GiB peak memory
footprint.
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C. Simulation Study Details
C.1. Setup and Synergy Label

We simulate N=1,936 spots on a 44 × 44 spatial grid with two paired modalities M1 and M2 designed to mimic RNA
and ATAC respectively. The simulator first generates structured Gaussian latent vectors of dimension 600 per modality,
then emits sparse molecular observations: M1 as overdispersed counts (negative-binomial, mimicking RNA) and M2 as
binary peak accessibility (Bernoulli, mimicking ATAC). Both matrices are log(1 + x)-transformed before model fitting;
the dense latent matrices are not used directly as benchmark inputs (emission details in Appendix C.3). Each spot carries
four ground-truth latent variables: a coarse spatial region R ∈ {1, . . . , 5}, an M1-side attribute Ui ∈ {1, . . . , 10}, an
M2-side attribute Ci ∈ {1, . . . , 10}, and a binary cross-modal matching label Yi ∈ {0, 1}. A fixed random permutation
π : {1, . . . , 10} → {1, . . . , 10} binds the two modality-specific attributes, and

Yi ∼ Bernoulli(pi), pi =

{
0.90 if Ci = π(Ui),

0.01 otherwise.
(18)

By construction, Y is a nonlinear matching function of U and C: a method can recover Y from its embedding only if the
embedding preserves enough information about both modality-specific attributes for a downstream nonlinear classifier to
infer the matching rule.

Three independent dataset seeds. We benchmark across three independently generated datasets, with seeds 123, 124,
and 125. Each seed re-samples region centers, attribute distributions, the permutation π, and all noise. The positive class
prevalence of Y is intentionally low and varies modestly across seeds (Table 8).

Table 8. Positive prevalence of the cross-modal matching label Y across the three simulation seeds.

Seed Spots Positive Y spots Positive rate

123 1,936 170 0.0878
124 1,936 217 0.1121
125 1,936 186 0.0961

C.2. Feature Block Architecture

For each spot, the M1 (RNA-mimicking) and M2 (ATAC-mimicking) latent vectors are constructed by concatenating five
structured blocks (Table 9). The signal scales are asymmetric across modalities by design: the M2 private attribute C
is given a stronger amplitude (1.2) than the M1 private attribute U (0.6), reflecting the typically sharper region-specific
accessibility patterns observed in real spatial ATAC data. The mixed blocks are the key cross-modal carriers: each combines
a region signal, a weak (down-weighted) modality-specific signal, and a pair-code vector that is shared across modalities
only when Ci = π(Ui).

Table 9. Feature block architecture for each modality. Each modality has 5 blocks summing to 600 latent dimensions, with per-block
per-spot Gaussian noise standard deviation σnoise. Class-prototype centroids are sampled from N (0, σ2

centI) once per class; the signal
scale α multiplies the centroid before adding noise.

Modality Block Dim α σnoise Encodes

M1 (RNA)

Shared main 150 1.0 1.0 A(1) (region-derived)
Unique task 150 0.6 1.0 U (M1-specific)
Nuisance 100 1.0 0.7 8-class patch attribute (M1)
Mixed 100 — 0.7 R (1.0) + weak U (0.2) + pair-code (s=30.0)
Noise 100 — 1.0 N (0, 1) i.i.d.

M2 (ATAC)

Shared main 150 1.0 1.0 A(1) (region-derived)
Nuisance 150 1.0 0.7 8-class patch attribute (M2)
Synergy attr 100 1.2 0.5 C (M2-specific)
Mixed 100 — 0.7 R (1.0) + weak C (0.2) + pair-code (s=30.0)
Noise 100 — 1.0 N (0, 1) i.i.d.

14
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Feature generation. Each non-mixed signal block is generated as αµk + ϵ, where µk ∼ N (0, σ2
centI) is a latent-class

centroid sampled once per class and ϵ ∼ N (0, σ2
noiseI) is independent per-spot Gaussian noise. The mixed block for each

modality combines region structure, a down-weighted modality-specific signal, and a cross-modal pair code:

x
(M1,mixed)
i = 1.0µR

Ri
+ 0.2µU

Ui
+ s · µpair

Ui
+ ϵi, (19)

x
(M2,mixed)
i = 1.0µR′

Ri
+ 0.2µC

Ci
+ s · µpair

π−1(Ci)
+ ϵ′i, (20)

where s = 30.0 is the pair-code scale used for the headline comparison (§4.1), µpair
k ∼ N (0, I) is sampled once per attribute

code k, and ϵi, ϵ
′
i ∼ N (0, 0.72I). When Ci = π(Ui), both modalities carry the same pair-code vector µpair

Ui
; otherwise, the

two modalities carry discordant pair-codes. Combined with the sparse NB / Bernoulli emission step (Appendix C.3), this is
the intended feature-level carrier of the cross-modal matching signal.

Latent variable sampling. Region labels Ri are assigned by Voronoi tessellation of KR=5 seed points sampled uniformly
on the grid, followed by T=3 rounds of spatial majority smoothing (8-connected neighborhood) and stochastic boundary
flipping with probability pflip=0.05. The shared region-derived attribute A(1) is a deterministic function of R followed by
per-modality local label flips with probability 0.05 in each modality, producing a strong but imperfect shared spatial signal.
The nuisance attributes have 8 classes per modality with local flip probability 0.08. The modality-specific attributes Ui and
Ci are sampled per region from a region-biased categorical distribution. Within region r, the sampling probability over
K=10 attribute codes is

pr = (1− β)u + βwr, wr ∼ Dir(1K), u = 1
K1K , (21)

where β = 0.12 is the region-bias weight (identical for U and C), wr is a region-specific Dirichlet draw, and u is the
uniform prior over the K attribute codes. This produces fine-grained within-region heterogeneity that is only weakly
correlated with spatial location, so that neither modality alone nor spatial coordinates are sufficient to recover the matching
label Y defined in Eq. (18).

C.3. Count and Accessibility Emission

The dense latent matrices in Eqs. (19)–(20) are not used directly as benchmark inputs. Instead, the simulator emits sparse,
count-like paired observations.

M1 emission (negative-binomial counts, mimicking RNA). Each M1 feature g (interpretable as a gene) has a baseline
log expression log µg ∼ N (−1.5, 1.52), and each spot i has a library-size log factor ℓi ∼ N (0, 0.42). The latent M1 signal
x
(M1)
i,g is multiplied by 0.6 and added on the log-rate scale, log λi,g = 0.6x

(M1)
i,g + logµg + ℓi. Counts are sampled from a

Gamma–Poisson representation of a negative-binomial with dispersion θ = 10.0.

M2 emission (Bernoulli peak accessibility, mimicking ATAC). Each M2 feature p (interpretable as a peak) has a baseline
logit ηp ∼ N (−2.5, 1.02), and each spot i has a logit-scale accessibility factor ai ∼ N (0, 0.42). The latent M2 signal is
multiplied by 0.8 and added on the logit scale, logit qi,p = 0.8x

(M2)
i,p + ηp + ai. Peak accessibility is sampled as Bernoulli

with probability qi,p.

For benchmarking, both the M1 count matrix and the M2 accessibility matrix are transformed with log(1 + x) before model
fitting. This yields sparse, count-like paired inputs while retaining the known latent ground truth.

C.4. Simulation Hyperparameters

Table 10 lists the complete set of hyperparameters used to instantiate the controlled simulation in §4.1, covering the spatial
grid, latent attribute structure, synergy generation, per-modality signal and noise scales, and the three independent dataset
seeds. All values are held fixed across seeds; only the random-number generator state varies. The pair-code multiplier s=30
corresponds to the headline synergy-isolating operating point reported in the main text.

C.5. Spatial Structure of Simulated Data

Figure 4 visualizes the spatial distribution of all latent variables on the 44× 44 grid. Region labels R form coarse spatial
domains from Voronoi tessellation. The modality-specific attributes U and C exhibit finer within-region heterogeneity due
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Table 10. Complete simulation hyperparameters. Three independent dataset seeds are evaluated: 123, 124, 125.

Category Parameter Value

Grid Size 44× 44 (N=1,936)

Latent Regions KR 5
M1-specific levels KU 10
M2-specific levels KC 10
Nuisance levels (per modality) 8
Region bias β (for U and C) 0.12

Synergy Match prob pmatch 0.90
Non-match prob pnon 0.01
Pair-code prototype scale 1.0
Pair-code multiplier s (headline) 30.0

Signal M1 shared main α 1.0
scales M1 private U α 0.6

M2 shared main α 1.0
M2 private C α 1.2
Nuisance α (each modality) 1.0
Mixed: region component 1.0
Mixed: weak U /C component 0.2

Noise σshared, σM1-U
nuis 1.0

σM2-C (synergy attr.) 0.5
σnuisance, σmixed 0.7
σnoise (pure noise blocks) 1.0

Spatial Smoothing iterations T 3
Shared attribute flip prob 0.05
Attribute flip prob (U , C) 0.05
Nuisance flip prob 0.08

M1 emission Feature baseline log µg N (−1.5, 1.52)
(RNA-like) Library-size log factor N (0, 0.42)

Latent multiplier on log-rate 0.6
NB dispersion θ 10.0

M2 emission Feature baseline logit ηp N (−2.5, 1.02)
(ATAC-like) Per-spot logit-scale factor N (0, 0.42)

Latent multiplier on logit 0.8

Random seeds {123, 124, 125}

to weak region bias (β = 0.12). The synergy label Y shows no obvious spatial pattern, confirming that it cannot be trivially
predicted from location.

Region R M1 attribute U M2 attribute C Synergy label Y
Y = 0
Y = 1

Figure 4. Spatial distribution of latent variables on the 44 × 44 simulation grid. Region label R forms coarse Voronoi domains; the
modality-specific attributes U and C are fine-grained with weak region bias; the synergy label Y shows no apparent spatial structure
(orange = Y=1).
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C.6. Cross-Target Probe Comparison

Table 1 reports balanced accuracy across all methods and the four targets R,U,C, Y . The cross-target view highlights three
distinct strengths. (i) Spatial-domain R recovery is led by SpatialGlue and Seurat WNN with MELON third; non-spatial
linear factor methods (MultiVI, MEFISTO, MOFA+) collapse on R. (ii) Modality-specific attribute recovery: MELON and
Seurat WNN saturate both U and C; MOFA+ and MEFISTO retain both at high accuracy; SpatialGlue retains both at ≥ 0.93;
MISO retains C at 0.97 with U at 0.88; MultiVI retains U but collapses on C. (iii) Cross-modal matching Y at pair-code
scale = 30 separates MELON (0.718) cleanly from every external baseline (≤ 0.512), even though several baselines preserve
both U and C. The Y endpoint should therefore be interpreted as a controlled cross-modal information-recovery assay: at
this synergy-isolating operating point, preserving U and C alone is insufficient: the embedding must additionally retain the
cross-modal binding between them.

C.7. Full Ablation and Paired Deltas

Table 11. Full MELON ablation across the three simulation seeds (pair-code scale = 30; mean ± std). Linear SVM probes for R, U , C;
nonlinear sklearn MLP probe for Y (with macro-F1 and AUROC reported alongside BalAcc). Single-knockouts isolate spatial-bias vs.
augmentation contributions; the double knockout (no spatial bias and no augmentation) and unimodal controls (RNA only, ATAC only)
act as sanity checks: removing both design axes or any modality collapses Y recovery toward chance, while U /C behave as expected
modality-specific controls (RNA only retains U and loses C; ATAC only retains C and loses U ).

Variant R BalAcc U BalAcc C BalAcc Y BalAcc Y Macro-F1 Y AUROC

MELON (full) 0.930± 0.019 1.000± 0.000 1.000± 0.000 0.718± 0.044 0.768± 0.055 0.881± 0.081
− spatial bias 0.870± 0.045 1.000± 0.000 1.000± 0.000 0.592± 0.033 0.620± 0.042 0.827± 0.023
− augmentation 0.912± 0.042 1.000± 0.000 0.997± 0.001 0.516± 0.018 0.503± 0.031 0.619± 0.080
− spatial bias, − aug 0.892± 0.035 1.000± 0.000 1.000± 0.000 0.509± 0.008 0.494± 0.012 0.619± 0.044
RNA only 0.850± 0.049 1.000± 0.000 0.103± 0.005 0.500± 0.000 0.474± 0.003 0.485± 0.030
ATAC only 0.716± 0.045 0.097± 0.012 1.000± 0.000 0.500± 0.001 0.475± 0.001 0.504± 0.025

Paired ablation deltas. Computed per-seed as Y score for the full model minus the ablated variant, then averaged across
the three seeds (Table 12). Removing augmentation accounts for 0.203 BalAcc, removing the spatial bias for 0.126, and the
two effects together for 0.210 (close to additive). Replacing both modalities with either unimodal input drives the largest
paired drop (≈ 0.219), confirming that the cross-modal Y signal cannot be recovered from a single modality regardless of
model design.

Table 12. Paired ablation deltas on the sklearn MLP Y probe (full MELON minus ablated variant; mean ± std across seeds 123, 124,
125). Larger values indicate a larger drop when the corresponding component or modality is removed.

Ablation ∆ Y BalAcc ∆ Y Macro-F1 ∆ Y AUROC

− spatial bias 0.126± 0.071 0.148± 0.091 0.054± 0.101
− augmentation 0.203± 0.042 0.265± 0.050 0.263± 0.039
− spatial bias & augmentation 0.210± 0.048 0.274± 0.061 0.263± 0.087
RNA-only input 0.218± 0.044 0.294± 0.052 0.397± 0.068
ATAC-only input 0.219± 0.045 0.293± 0.054 0.378± 0.075

D. Additional Real-Data Experiments
D.1. Compared Baselines

We compare MELON against eight established multi-omics integration methods. TotalVI and MultiVI are dispatched per
dataset based on modality combination (TotalVI for RNA–protein, MultiVI for RNA–ATAC), so any individual dataset sees
seven external baselines. For each baseline we report the joint embedding produced by the published implementation under
default settings, then evaluate it under the same downstream clustering and metric protocol described in Appendix D.2.

• Seurat v4 (Hao et al., 2021): performs weighted nearest-neighbor (WNN) integration of multiple modalities via
anchor-based canonical correlation analysis, followed by graph-based Louvain clustering. Spatial coordinates are not
used.
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• MOFA+ (Argelaguet et al., 2020): multi-omics factor analysis with group and modality structure. Learns linear shared
and private latent factors via variational inference. No spatial information.

• TotalVI (Gayoso et al., 2021): a deep generative variational autoencoder (VAE) for joint modeling of RNA and protein
(CITE-seq) counts. Used for the RNA–ADT human lymph node dataset. Assumes i.i.d. cells and does not exploit
spatial neighborhoods.

• MultiVI (Ashuach et al., 2023): a sister VAE in the scvi-tools family that jointly models paired RNA (NB) and
ATAC (Bernoulli peak) counts with batch and modality embeddings. Used for the RNA–ATAC Mouse E15.5 brain and
Mouse E13 embryo datasets in place of TotalVI; also assumes i.i.d. cells.

• SpatialGlue (Long et al., 2024): a graph neural network with a dual-attention mechanism that builds per-modality
spatial neighbor graphs and fuses representations via cross-attention within a VAE framework. Explicitly uses spatial
coordinates.

• MEFISTO (Velten et al., 2022): extends MOFA+ with Gaussian-process priors over spatial (or temporal) covariates
to encourage smooth latent factors, partially capturing spatial structure but at the cost of over-smoothing domain
boundaries.

• MISO (Coleman et al., 2025): a deep multimodal integration framework designed to combine spatial molecular
measurements with H&E morphology, evaluated here under the same per-dataset modality configuration as the other
baselines.

• MultiGate (Miao et al., 2025): a two-level graph attention autoencoder that jointly models spatial context and
cross-modality feature relationships through stacked GAT layers.

For downstream clustering of all learned embeddings (MELON and baselines) we apply Leiden clustering. All methods are
evaluated at matching numbers of clusters k.

D.2. Evaluation Metrics

We evaluate spatial domain identification using eleven clustering quality metrics that together capture cluster purity, mutual
dependence, pairwise agreement, internal compactness, and spatial coherence (eight reported in the main-text Table 3; the
full panel appears in Table 13). Throughout, Y ∈ [C]N denotes the ground-truth label of N spots, Ŷ ∈ [K]N the predicted
cluster assignment, H(·) the Shannon entropy, and I(Y ; Ŷ ) = H(Y ) +H(Ŷ ) −H(Y, Ŷ ) the mutual information. For
pair-counting metrics let a (d) be the number of spot pairs assigned to the same (different) cluster in both Y and Ŷ , and b (c)
the number disagreeing in Y vs. Ŷ .

Pair-counting metrics. The Rand Index (RI) is the fraction of consistent pairs RI = (a+ d)/
(
N
2

)
. The Adjusted Rand

Index (ARI) (Hubert & Arabie, 1985) corrects for chance:

ARI =
RI− E[RI]

max(RI)− E[RI]
. (22)

The Fowlkes–Mallows index (FMI) (Fowlkes & Mallows, 1983) is the geometric mean of pairwise precision and recall,

FMI =

√
a

a+ b
· a

a+ c
. (23)

The Jaccard index on co-clustered pairs is
Jaccard =

a

a+ b+ c
. (24)

Information-theoretic metrics. The Mutual Information (MI) between Y and Ŷ is MI = I(Y ; Ŷ ). The Normalized
Mutual Information (NMI) (Strehl & Ghosh, 2002) divides by the arithmetic mean of entropies:

NMI =
2 I(Y ; Ŷ )

H(Y ) +H(Ŷ )
. (25)
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The Adjusted Mutual Information (AMI) (Vinh et al., 2010) subtracts the expectation under random labelings:

AMI =
I(Y ; Ŷ )− E[I(Y ; Ŷ )]

max
(
H(Y ), H(Ŷ )

)
− E[I(Y ; Ŷ )]

. (26)

Homogeneity (Rosenberg & Hirschberg, 2007) measures whether each predicted cluster contains spots of a single ground-
truth class:

Homog. = 1− H(Y | Ŷ )

H(Y )
, Comp. = 1− H(Ŷ | Y )

H(Ŷ )
, (27)

where Completeness (Comp.) is its dual. The V-measure (Rosenberg & Hirschberg, 2007) is their harmonic mean,

V-Meas. =
2 ·Homog. · Comp.

Homog.+Comp.
. (28)

Hard-assignment metric. Purity assigns each predicted cluster to its dominant ground-truth class and reports the fraction
of spots correctly covered:

Purity =
1

N

K∑
k=1

max
c∈[C]

∣∣{i : Ŷi = k ∧ Yi = c}
∣∣. (29)

Internal-compactness metric. The Calinski–Harabasz index (CHI) (Caliński & Harabasz, 1974) measures between-
cluster separation versus within-cluster dispersion in the embedding space, using only the embeddings {zi}Ni=1 and the
predicted assignment Ŷ :

CHI =
tr(BK)/(K − 1)

tr(WK)/(N −K)
, (30)

where BK =
∑

k nk(µk − µ̄)(µk − µ̄)⊤ is the between-cluster scatter and WK =
∑

k

∑
i:Ŷi=k(zi − µk)(zi − µk)

⊤ the
within-cluster scatter, with µk the centroid of predicted cluster k and nk its size. Because CHI scales with the embedding
magnitude, its values are not directly comparable across methods that use different embedding spaces.

Spatial metrics. Spatial Rand (SpRI) and Spatial Adjusted Rand (SpARI) (Yan et al., 2025) extend RI and ARI by
weighting each pair (i, j) by a spatial-proximity kernel ϕ(dij) on the 2D coordinates, so that misassignments between
spatially distant pairs are penalized more than those between neighboring pairs:

SpRI =

∑
i<j ϕ(dij)⊮[⊮{Yi = Yj} = ⊮{Ŷi = Ŷj} ]∑

i<j ϕ(dij)
, SpARI =

SpRI− E[SpRI]
max(SpRI)− E[SpRI]

. (31)

SpARI is the only metric in our suite that explicitly rewards spatially contiguous predictions; we use the implementation
of Yan et al. (2025) with its default Gaussian kernel.

D.3. Additional Dataset Results

This subsection shows the full per-method spatial domain panels for the human lymph node (Fig. 5) and mouse E13 embryo
(Fig. 6) datasets, complementing the Mouse E15.5 brain results in the main text (Fig. 2). Each figure reports the H&E
reference, ground-truth annotation, and per-panel ARI for the eight benchmarked methods.

D.4. Sensitivity Analysis

We sweep MELON’s two spatial-bias and augmentation hyperparameters one at a time on the Mouse E15.5 brain, retraining
each value while holding all other settings at the defaults of Table 7; downstream Leiden clustering is applied identically to
every variant. The corresponding plots appear as Fig. 3 in §4.4: MELON is robust to the spatial-graph size knn with graceful
degradation outside the local window, while augmentation is the dominant lever and saturates once enabled, consistent with
the simulation Y -recovery saturation (Table 2).
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Table 13. Full 11-metric panel across the three benchmarked datasets, aggregated across cluster numbers k (median ± IQR; same k
ranges as Table 3). Best median per (dataset, metric) in bold. Columns added relative to the main-text table: V-Meas. (Rosenberg &
Hirschberg, 2007) (V-measure), SpRI (spatial Rand index, the un-adjusted variant of SpARI), and CHI (Calinski–Harabasz index, an
internal cluster-compactness score).

Dataset Method ARI NMI AMI Homog. V-Meas. SpRI SpARI FMI Jaccard CHI Purity

Mouse E15.5 Brain

MELON 0.480 ± 0.022 0.569 ± 0.005 0.561 ± 0.006 0.532 ± 0.028 0.569 ± 0.005 0.933 ± 0.003 0.532 ± 0.030 0.567 ± 0.016 0.384 ± 0.016 8927 ± 2007 0.678 ± 0.032
MISO 0.216 ± 0.011 0.372 ± 0.027 0.364 ± 0.026 0.355 ± 0.046 0.372 ± 0.027 0.888 ± 0.004 0.176 ± 0.014 0.324 ± 0.007 0.193 ± 0.003 156 ± 28 0.485 ± 0.034
Seurat WNN 0.291 ± 0.017 0.483 ± 0.007 0.475 ± 0.010 0.491 ± 0.041 0.483 ± 0.007 0.905 ± 0.003 0.224 ± 0.026 0.376 ± 0.016 0.226 ± 0.008 3056 ± 373 0.560 ± 0.041
SpatialGlue 0.285 ± 0.024 0.515 ± 0.019 0.508 ± 0.016 0.524 ± 0.063 0.515 ± 0.019 0.904 ± 0.006 0.249 ± 0.021 0.381 ± 0.026 0.235 ± 0.024 212 ± 17 0.625 ± 0.055
MultiGate 0.344 ± 0.025 0.515 ± 0.006 0.508 ± 0.004 0.516 ± 0.050 0.515 ± 0.006 0.912 ± 0.001 0.321 ± 0.110 0.425 ± 0.061 0.270 ± 0.038 420 ± 60 0.596 ± 0.027
MultiVI 0.086 ± 0.019 0.212 ± 0.059 0.200 ± 0.056 0.199 ± 0.068 0.212 ± 0.059 0.860 ± 0.011 0.001 ± 0.014 0.211 ± 0.001 0.117 ± 0.002 409 ± 101 0.372 ± 0.051
MOFA+ 0.130 ± 0.018 0.300 ± 0.017 0.289 ± 0.014 0.273 ± 0.033 0.300 ± 0.017 0.869 ± 0.006 0.085 ± 0.021 0.265 ± 0.024 0.152 ± 0.013 631 ± 13 0.436 ± 0.021
MEFISTO 0.151 ± 0.009 0.301 ± 0.018 0.292 ± 0.017 0.281 ± 0.031 0.301 ± 0.018 0.873 ± 0.004 0.087 ± 0.018 0.269 ± 0.019 0.155 ± 0.009 530 ± 29 0.443 ± 0.021

Human Lymph Node

MELON 0.298 ± 0.028 0.379 ± 0.002 0.374 ± 0.001 0.401 ± 0.033 0.379 ± 0.002 0.858 ± 0.004 0.307 ± 0.038 0.454 ± 0.018 0.293 ± 0.015 7265 ± 576 0.643 ± 0.009
MISO 0.241 ± 0.046 0.305 ± 0.035 0.301 ± 0.032 0.263 ± 0.071 0.305 ± 0.035 0.839 ± 0.012 0.281 ± 0.017 0.455 ± 0.003 0.285 ± 0.010 241 ± 47 0.576 ± 0.065
Seurat WNN 0.182 ± 0.000 0.260 ± 0.006 0.256 ± 0.005 0.236 ± 0.017 0.260 ± 0.006 0.824 ± 0.000 0.185 ± 0.014 0.389 ± 0.018 0.240 ± 0.012 597 ± 126 0.529 ± 0.004
SpatialGlue 0.227 ± 0.049 0.375 ± 0.023 0.371 ± 0.024 0.423 ± 0.023 0.375 ± 0.023 0.837 ± 0.012 0.195 ± 0.084 0.371 ± 0.065 0.220 ± 0.061 375 ± 51 0.624 ± 0.008
MultiGate 0.148 ± 0.011 0.203 ± 0.013 0.199 ± 0.012 0.221 ± 0.038 0.203 ± 0.013 0.823 ± 0.002 0.147 ± 0.017 0.325 ± 0.022 0.192 ± 0.019 1289 ± 133 0.484 ± 0.001
TotalVI 0.181 ± 0.006 0.258 ± 0.001 0.253 ± 0.000 0.232 ± 0.001 0.258 ± 0.001 0.823 ± 0.001 0.187 ± 0.011 0.393 ± 0.010 0.242 ± 0.007 418 ± 105 0.525 ± 0.004
MOFA+ 0.212 ± 0.032 0.321 ± 0.033 0.318 ± 0.031 0.306 ± 0.103 0.321 ± 0.033 0.834 ± 0.009 0.229 ± 0.025 0.415 ± 0.036 0.261 ± 0.020 1042 ± 81 0.589 ± 0.073
MEFISTO 0.200 ± 0.011 0.307 ± 0.007 0.302 ± 0.005 0.310 ± 0.045 0.307 ± 0.007 0.832 ± 0.002 0.221 ± 0.050 0.400 ± 0.044 0.249 ± 0.036 854 ± 82 0.594 ± 0.046

Mouse E13 Embryo

MELON 0.385 ± 0.007 0.528 ± 0.010 0.519 ± 0.007 0.546 ± 0.039 0.528 ± 0.010 0.925 ± 0.001 0.362 ± 0.026 0.452 ± 0.022 0.290 ± 0.023 191 ± 40 0.655 ± 0.008
MISO 0.227 ± 0.014 0.441 ± 0.031 0.431 ± 0.028 0.417 ± 0.046 0.441 ± 0.031 0.899 ± 0.004 0.251 ± 0.005 0.337 ± 0.002 0.197 ± 0.002 204 ± 29 0.521 ± 0.053
Seurat WNN 0.266 ± 0.043 0.454 ± 0.017 0.443 ± 0.020 0.487 ± 0.017 0.454 ± 0.017 0.910 ± 0.002 0.223 ± 0.073 0.341 ± 0.047 0.201 ± 0.041 5180 ± 318 0.571 ± 0.005
SpatialGlue 0.280 ± 0.014 0.460 ± 0.022 0.451 ± 0.018 0.472 ± 0.063 0.460 ± 0.022 0.910 ± 0.001 0.238 ± 0.043 0.355 ± 0.018 0.215 ± 0.016 306 ± 35 0.600 ± 0.061
MultiGate 0.170 ± 0.016 0.380 ± 0.008 0.369 ± 0.007 0.392 ± 0.031 0.380 ± 0.008 0.899 ± 0.003 0.168 ± 0.056 0.263 ± 0.036 0.151 ± 0.025 1342 ± 133 0.438 ± 0.021
MultiVI 0.092 ± 0.003 0.224 ± 0.033 0.212 ± 0.029 0.164 ± 0.030 0.224 ± 0.033 0.819 ± 0.002 0.140 ± 0.005 0.321 ± 0.000 0.149 ± 0.000 195 ± 22 0.307 ± 0.006
MOFA+ 0.201 ± 0.012 0.389 ± 0.012 0.377 ± 0.009 0.383 ± 0.040 0.389 ± 0.012 0.897 ± 0.008 0.199 ± 0.033 0.295 ± 0.017 0.173 ± 0.010 1203 ± 49 0.491 ± 0.030
MEFISTO 0.207 ± 0.015 0.391 ± 0.003 0.381 ± 0.007 0.392 ± 0.018 0.391 ± 0.003 0.900 ± 0.003 0.189 ± 0.050 0.302 ± 0.032 0.178 ± 0.021 767 ± 29 0.496 ± 0.017
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Ground Truth
ADT (unimodal)

ARI = 0.151
MISO

ARI = 0.265
SpatialGlue
ARI = 0.212

TotalVI
ARI = 0.182

MEFISTO
ARI = 0.224

capsule
cortex

follicle
hilum

medulla cords
medulla sinuses

medulla vessels
pericapsular adipose tissue

subcapsular sinus trabeculae

Figure 5. Human lymph node results: H&E tissue image, ground-truth annotation, and spatial domain assignments from MELON and
seven multimodal baselines (per-panel ARI; methods ordered consistently across datasets). Quantitative clustering metrics across all
methods are reported in Table 3.

D.5. Component Ablation on Mouse E15.5 Brain

The simulation in §4.1 ablates MELON’s two main design axes (data augmentation and the neighborhood-aware spatial bias)
on a controlled cross-modal target. Here we replicate that ablation on the Mouse E15.5 brain MISAR-seq benchmark, which
is the largest paired RNA-ATAC dataset in our evaluation and the one with the strongest anatomical reference labels. We
compare three MELON variants (FULL, no augmentation, no spatial bias) on the same cluster-number sweep used in Table 3
(k ∈ {6, 8, 10, 12, 14, 16}), with downstream Leiden clustering applied identically to all variants. Table 14 reports median
± IQR over the swept k. Removing either component substantially degrades every metric, with ARI and SpARI roughly
halving (e.g., ARI drops from 0.383 to 0.204 without augmentation and to 0.215 without the spatial bias), confirming that
the simulation-level conclusions transfer to real spatial multi-omics tissue.

D.6. Biological Interpretation

We probe MELON’s frozen embedding with a joint pair-decoder and ask whether the resulting factors recover biologically
meaningful, spatially organized RNA–ATAC (or RNA–protein) programs.
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Figure 6. Mouse E13 embryo results: H&E tissue image, ground-truth annotation, and spatial domain assignments from MELON and
seven multimodal baselines (per-panel ARI; methods ordered consistently across datasets). Quantitative clustering metrics across all
methods are reported in Table 3.

Table 14. MELON component ablation on the Mouse E15.5 brain MISAR-seq dataset. Median ± IQR over swept cluster numbers
k ∈ {6, 8, 10, 12, 14, 16} (same protocol as Table 3). Best per metric in bold.

Variant ARI NMI AMI Homog. SpARI FMI Jaccard Purity

MELON full 0.383 ± 0.024 0.553 ± 0.017 0.545 ± 0.017 0.534 ± 0.040 0.376 ± 0.028 0.466 ± 0.020 0.302 ± 0.017 0.652 ± 0.026
− augmentation 0.204 ± 0.017 0.368 ± 0.004 0.357 ± 0.004 0.355 ± 0.015 0.174 ± 0.047 0.320 ± 0.038 0.187 ± 0.022 0.480 ± 0.005
− spatial bias 0.215 ± 0.017 0.355 ± 0.017 0.345 ± 0.017 0.334 ± 0.031 0.190 ± 0.038 0.334 ± 0.026 0.192 ± 0.014 0.485 ± 0.017

Decoder formulation. Let zi ∈ Rd denote the frozen MELON fused embedding of spot i, and let xR
i ∈ RG and

xA
i ∈ {0, 1}P be its observed RNA expression and binarised ATAC (or protein) profile, where G and P are the number of

genes and peaks respectively. We map each embedding through a small MLP ϕ with a low-rank bottleneck of width K (we
use K=24 for the two RNA–ATAC datasets and K=16 for the lymph node):

ui = softplus
(
ϕ(zi)

)
∈ RK

≥0, (32)

so that ui,k is the non-negative usage of factor k at spot i. Two linear heads decode this bottleneck back into the two
modalities,

x̂R
i = WR ui + bR, x̂A

i = σ
(
WA ui + bA

)
, (33)

with WR ∈ RG×K , WA ∈ RP×K and σ the elementwise sigmoid. The two-headed reconstruction loss couples both
modalities through the same factor activations,

Ldec =
1

N

N∑
i=1

[∥∥xR
i − x̂R

i

∥∥2
2
+ λBCE

(
xA
i , x̂

A
i

)]
, (34)

where BCE(·, ·) is the elementwise binary cross-entropy averaged over peaks (or proteins) and λ balances the two heads
(we use λ=1). Only the decoder parameters {ϕ,WR,bR,WA,bA} are trained; MELON is frozen. We optimize with
Adam for 20 epochs on a 90/10 train–validation split.

Per-factor feature ranking. After training, factor k is summarized by three quantities: (i) its spatial usage {ui,k}Ni=1,
plotted on tissue coordinates; (ii) its top gene and top peak (or top protein), defined as the columns of WR and WA with
the largest loading on factor k,

g⋆k = arg max
g∈[G]

WR
g,k, p⋆k = arg max

p∈[P ]
WA

p,k; (35)
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and (iii) its top gene–peak pair score, defined as the product of the two loadings,

sg,p,k = WR
g,k · WA

p,k, (g†k, p
†
k) = argmax

(g,p)
sg,p,k. (36)

This product score promotes pairs in which the gene and the peak load on the same factor with high magnitude, so that a
high score identifies cross-modal feature pairs jointly explained by a shared latent program. We rank all G×P pairs per
factor by (36) and report the top entries in the supplementary CSVs.

Decoder factor program maps. For each dataset we show four high-variance factors with their top gene and top peak
(or protein) label as Figures 7, 8, and 9. The mouse E13 embryo factors (0, 14, 8, 19) have biologically named top pairs
including Cdh19–Pmpcb (factor 0; Cdh19 is a cadherin involved in neural crest development) and Mak–Pou3f1 (factor 14;
Pou3f1 marks early neural progenitors). The mouse E15.5 brain factors carry chromosomal-coordinate ATAC peaks that we
abbreviate to chrN:Mb for display. The human lymph node decoder collapses every factor’s top protein loading to the
dominant cytokeratin marker KRT5 (which has prevalence ≈ 0.76 across the section), but the per-spot factor usage still
clearly separates follicular and cortical-medullary territories. The remaining factors and full feature loadings are reported
in the supplementary CSVs (factor top genes.csv, factor top peaks.csv, factor top pairs.csv) for
each decoder.

Factor 3
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Dusp3

chr11-101785127-101785627
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chr11-74838380-74838880
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Figure 7. Mouse E15.5 brain. Spatial usage of four MELON decoder factors with the top gene and top ATAC peak (chromosomal
coordinate, abbreviated to chrN:Mb) shown above each panel. Color is per-factor robust-clipped (5–95%) usage from the 24-factor pair
decoder.
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Figure 8. Human lymph node. Spatial usage of four MELON decoder factors, with the top gene for each factor shown. The dominant
protein loading collapses to KRT5 across all factors, but the per-spot factor usage still cleanly separates anatomical compartments.

High-support gene–peak pair maps. As an additional perspective we select four gene–peak (or gene–protein for the
lymph node) pairs per dataset from the decoder’s top-pair list and visualize each pair’s RNA expression, ATAC accessibility
(or protein abundance), and decoder pair-activity on the tissue coordinates side by side (Figures 10, 11, and 12). The
unfiltered top-pair list is dominated by ubiquitous peaks or markers (peak or protein prevalence ≈ 1.0 for several entries), so
for the mouse E15.5 brain and E13 embryo we select pairs by spatial RNA-ATAC colocalization with binarized ATAC, and
for the lymph node we select pairs whose RNA channel shows clear spatial pattern. Several of these pairs show concentrated
activity patterns that are not explained by either modality in isolation, with per-spot pair activity having a sharper boundary
than the marginal RNA or ATAC channel alone, consistent with the claim that MELON’s embedding preserves cross-modal
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Figure 9. Mouse E13 embryo. Spatial usage of four MELON decoder factors with the top gene–peak pair shown above each panel. Each
factor concentrates in a distinct anatomical region, demonstrating that the frozen embedding can be decoded into spatially coherent joint
RNA-ATAC programs.

correspondence rather than collapsing to a shared consensus. The factor-based analysis above is the primary summary; the
per-pair maps are included for completeness.

D.7. Tri-Modal Tonsil Extension: Additional Material

This appendix supplements §4.3. The tonsil sample is the public 10x Genomics Visium CytAssist FFPE Protein Expression
human tonsil dataset (processed with Space Ranger v2.1.0): 4,194 in-tissue Visium spots; 18,085 genes (Visium Human
Transcriptome Probe Set v2.0); 35-plex antibody capture (31 antibody markers + 4 isotype controls); and a matched
H&E full-resolution image (31,967 × 39,132 pixels) summarized to 2,048-dimensional per-spot features via a frozen
ImageNet-pretrained InceptionV3 applied to spot-centered crops at the published spot diameter fullres. The six
compartment masks are defined as: germinal center = {CR2≥q70} ∩ {PCNA≥q70} ∩ {BCL2≤q30} ∩ {PDCD1≥q70};
mantle = {PAX5≥q70}∩ {BCL2≥q70}∩ {CD19≥q70}∩ {PCNA≤q30}; T-zone = {CD8A≥q70}∩ {HLA-DRA≥q70};
plasma = {SDC1≥q90}; myeloid = {CD68≥q70} ∩ {CD163≥q70}; epithelium = {KRT5≥q90}. All seven methods are
clustered with k=10 KMeans on their published embeddings, and per-compartment scores use the best-F1 cluster (size
≥ 30). MELON is trained with the same hyperparameters as the bi-modal experiments (Appendix B.4), with the third
modality added as an additional input; ablation variants retrain from scratch with the corresponding modality removed. The
bi-modal baselines listed in Appendix D.1 are reused here, augmented with the tri-modal-specific method GROVER (Xiao
et al., 2025), a graph-guided spatial multi-omics fusion framework that jointly integrates omics and vision modalities through
a mixture-of-experts regulator over per-modality graph encoders. Tri-modal MELON wall-clock and memory cost are
reported in Appendix B.5.
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MELON: Multimodal Learning for Spatial Multi-Omics Integration

Figure 10. Mouse E15.5 brain. Spatial maps for four decoder gene–peak pairs selected by RNA-ATAC colocalization with binarized
ATAC, including Myl4, Abi3bp, and Fgfr3. Each row is one pair; columns show (left) RNA expression of the gene, (centre) binarized
ATAC accessibility of the peak (high vs. low), and (right) the decoder’s joint pair activity.
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MELON: Multimodal Learning for Spatial Multi-Omics Integration

Figure 11. Human lymph node. Spatial maps for four decoder gene–protein pairs selected by spatial RNA pattern (RCSD1–KRT5,
ANXA1–FCGR3A, EPCAM–PAX5, CRLF1–CEACAM8). Each row is one pair; columns show (left) RNA expression of the gene, (centre)
ADT abundance of the protein marker, and (right) the decoder’s joint pair activity. Pairs include canonical immune markers FCGR3A
(CD16), PAX5 (B-cell lineage), and CEACAM8 (granulocyte).
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MELON: Multimodal Learning for Spatial Multi-Omics Integration

Figure 12. Mouse E13 embryo. Spatial maps for four decoder gene–peak pairs selected by RNA-ATAC colocalization (Il17re–Gm13057,
Tap1–Gm13057, Nkx2.1–Smok3b, Gm24366–Smok3b). Each row is one pair; columns show (left) RNA expression of the gene, (centre)
binarized ATAC accessibility of the peak (high vs. low), and (right) the decoder’s joint pair activity across all spots.
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Figure 13. Per-compartment best-cluster F1 on the human tonsil tri-modal sample (six canonical IHC-defined compartments + the
column-wise mean). Red boxes mark the column maximum; the white horizontal divider separates baselines (top) from MELON variants
(bottom). MELON ranks first on the aggregate (MEAN) and on the three largest compartments (mantle, T-zone, plasma). Per-compartment
AUROC variant in Fig. 14; per-method spatial maps in Fig. 15.
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Figure 14. Tonsil compartment recovery AUROC (continuous variant of Fig. 13). For each compartment, AUROC of the best cluster’s
membership against the per-spot continuous compartment composite z-score (sum of marker z-scores with the canonical sign per marker).
Red boxes mark column maxima. MELON ranks first on the aggregate (MEAN) and on the mantle compartment.
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a · H&E (CytAssist hi-res) b · MELON clusters overlaid on H&E
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c · Tri-modal method comparison (k=10, Hungarian-aligned to MELON)
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Figure 15. Tonsil spatial cluster maps (combined panel). (a) Hi-resolution H&E reference image. (b) MELON’s k=10 KMeans clusters
overlaid on the H&E. (c) Side-by-side comparison of all seven tri-modal methods, with cluster IDs Hungarian-aligned to MELON’s color
scheme (legend at right). (d) MELON modality ablation: the full tri-modal model versus removing each modality during training. The
visible degradation in (d), particularly for −protein and −RNA, mirrors the quantitative drops in Table 4.
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