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SIGMMA: Hierarchical Graph-Based Multi-Scale Multi-modal Contrastive
Alignment of Histopathology Image and Spatial Transcriptome
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Abstract

Recent advances in computational pathology have
leveraged vision–language models to learn joint
representations of Hematoxylin and Eosin (H&E)
images with spatial transcriptomic (ST) profiles,
but existing approaches typically align H&E tiles
and ST profiles at a single scale, overlooking fine-
grained cellular structures and their spatial orga-
nization. We propose SIGMMA, a multi-modal
contrastive alignment framework for learning hi-
erarchical H&E-ST representations. By enforcing
multi-scale contrastive alignment, SIGMMA en-
sures coherent representations across modalities,
while a graph-based modeling of cell interactions
integrates both inter- and intra-subgraph relation-
ships to capture cellular organization from fine to
coarse scales. Across datasets, SIGMMA consis-
tently improves gene-expression prediction and
cross-modal retrieval performance, and its learned
multi-scale embeddings recover tumor microen-
vironments and immune-exclusion programs in
pancreatic cancer.

1. Introduction
Tissue architecture is hierarchically organized across spa-
tial scales: from the microenvironment of interacting cells,
to the mesoenvironment of cellular neighborhoods, up to
the macroenvironment of tissue-level structures, e.g. ter-
tiary lymphoid structures (Teillaud et al., 2024). Capturing
this hierarchy requires both morphological and molecular
views: H&E imaging characterizes cellular morphology,
while single-cell spatial transcriptomics (ST) profiles indi-
vidual cells in 2D (Zhang et al., 2025). Jointly modeling the
two modalities reveals molecular heterogeneity not visible
from H&E alone (Fig. 1c).
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Figure 1. Motivation. (a) Limitations of prior VL-based H&E-ST
alignment. (b) SIGMMA addresses these via (1) multi-scale align-
ment and (2) cell-graph representation that preserves 2D coordi-
nates and cell-cell relationships. (c) SIGMMA captures multi-scale
information, with ST representations becoming more heteroge-
neous at larger scales. CC, connected component.

Why graph structure for ST? Recent contrastive ap-
proaches learn joint H&E-ST embeddings for cross-modal
retrieval and image-to-expression prediction, often adapting
vision–language (VL) models from H&E-biomedical text
(Chen et al., 2025a; Glettig et al., 2025; Zou et al., 2025).
However, these methods represent ST as a 1D gene sequence
aggregated across cells, discarding 2D spatial organization
and cell-cell interactions (Fig. 1a). Graph representations in-
stead preserve spatial topology, explicitly modeling cell-cell
interactions and tissue context (Fig. 1b).

Why hierarchical multi-scale alignment? Multi-scale
alignment requires correspondence across ROI granulari-
ties, but graph-structured ST complicates this: message
passing expands the receptive field via graph connectivity
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Figure 2. SIGMMA schematic. Given paired H&E-ST tiles, SIGMMA aligns them at multiple scales. (a) Multi-crop H&E side (Sec. 3.1);
(b) hierarchical graph structure learning on the ST side (Sec. 3.2); (c) stochastic edge addition with neighbor-patch constraint; (d)
multi-modal multi-scale contrastive alignment (Sec. 3.3). FM, foundation model; GNN, graph neural network.

rather than image ROI scales, causing cross-modal scope
mismatch. While multi-scale contrastive alignment captures
coarse-to-fine tissue features (Fig. 1b), reconciling graph
receptive field with image ROI remains, to our knowledge,
unaddressed (Suppl. Fig. 4).

Thus, we propose SIGMMA for multi-scale H&E-ST align-
ment, with the following contributions:

• Graph-structured ST representation. A cell graph
with a hierarchical module capturing local and long-
range dependencies via intra- and inter-subgraph rela-
tionships.

• Multi-scale cross-modal alignment. A multi-scale
contrastive objective that aligns micro, meso, and
macro embeddings across modalities.

• ST graph-H&E ROI scale reconciliation. A progres-
sive expansion of the graph receptive field to match the
image ROI size.

2. Related work
Discussion of related work and the positioning of SIGMMA
relative to prior methods is provided in Suppl. Sec. B.

3. Method: SIGMMA

The problem is formulated as follows. We consider paired
H&E images and ST profiles from the same tissue section,
(I,S), tessellated into m×m tiles {(Ii, Si)}ni=1. We train

an H&E encoder f and an ST encoder g producing zIi =
f(Ii) and zSi = g(Si), jointly optimized so that paired
embeddings align in a shared latent space. SIGMMA (Fig. 2)
consists of three components: (i) a multi-scale H&E encoder,
(ii) a hierarchical-graph ST encoder, and (iii) cross-modal
multi-scale contrastive alignment.

3.1. Multi-scale H&E encoder

Each tile I ∈ Rm×m×3 is partitioned via a multi-crop strat-
egy (Guo et al., 2024; Liu et al., 2024) into 4 × 4 micro
patches {Imicro,j}16j=1, 2×2 meso patches {Imeso,j}4j=1, and
one macro patch (Fig. 2a). Each patch is resized to the H&E
foundation model’s input resolution (Chen et al., 2024),
encoded by f , and grid-wise mean-pooled:

zImicro = PoolI
(
f(Imicro)

)
,

zImeso = PoolI
(
f(Imeso)

)
,

zImacro = PoolI
(
f(Imacro)

)
.

3.2. Multi-scale ST encoder

For each tile S, we build a geometric graph G = (V,E),
where V are cells and E encodes proximity-based cell-cell
interactions (Team, 2025). Node embeddings are initialized
by an ST foundation model (Birk, 2025).

Hierarchical graph structure learning. To reconcile
graph receptive field with image ROI, we hierarchically
expand subgraphs by linking neighbors via stochastic edge
addition (cf. (Piao et al., 2022; 2024)) followed by GNN
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SIGMMA: Multi-scale H&E-ST contrastive alignment

Table 1. Cross-modal retrieval across HEST1k and in-house datasets. R, recall.

H&E → ST

Dataset HEST1k-LUAD HEST1k-PAAD HEST1k-SKCM HEST1k-IDC in-house skin

Model R@5% R@10% R@15% R@5% R@10% R@15% R@5% R@10% R@15% R@5% R@10% R@15% R@5% R@10% R@15%

CLIP 0.278 0.452 0.566 0.195 0.338 0.471 0.290 0.495 0.586 0.342 0.532 0.668 0.347 0.503 0.617
PLIP 0.367 0.526 0.621 0.187 0.336 0.469 0.253 0.414 0.527 0.356 0.536 0.665 0.370 0.539 0.650

BLEEP 0.419 0.554 0.630 0.152 0.182 0.212 0.318 0.500 0.614 0.443 0.603 0.704 0.426 0.550 0.623
OmiCLIP 0.281 0.453 0.596 0.177 0.320 0.485 0.231 0.382 0.532 0.342 0.520 0.636 0.329 0.502 0.605

SIGMMA 0.590 0.728 0.826 0.402 0.630 0.813 0.333 0.559 0.731 0.394 0.570 0.687 0.472 0.591 0.687

ST → H&E

Dataset HEST1k-LUAD HEST1k-PAAD HEST1k-SKCM HEST1k-IDC in-house skin

Model R@5% R@10% R@15% R@5% R@10% R@15% R@5% R@10% R@15% R@5% R@10% R@15% R@5% R@10% R@15%

CLIP 0.297 0.413 0.526 0.141 0.284 0.390 0.285 0.473 0.591 0.445 0.675 0.798 0.354 0.513 0.619
PLIP 0.330 0.483 0.618 0.213 0.358 0.475 0.274 0.435 0.543 0.440 0.639 0.767 0.371 0.552 0.665

BLEEP 0.415 0.568 0.654 0.030 0.121 0.212 0.330 0.494 0.580 0.502 0.655 0.754 0.419 0.561 0.634
OmiCLIP 0.281 0.501 0.599 0.165 0.318 0.435 0.242 0.403 0.495 0.412 0.612 0.742 0.335 0.514 0.632

SIGMMA 0.602 0.768 0.813 0.304 0.505 0.652 0.333 0.500 0.602 0.399 0.611 0.750 0.459 0.620 0.708

layers. Given GNN-derived embeddings hu, hv, an edge
score suv = σ(MLP([hu, hv])) parametrises a Bernoulli
distribution from which a binary puv is drawn; the Gumbel-
softmax (Jang et al., 2016) provides differentiable sam-
pling at temperature τ . We start from a micro subgraph
Gmicro = (Vmicro, Emicro) where cells in Imicro are connected
by spatial proximity, and recursively grow neighborhoods:

N (l−1)
meso (u) = N (l−2)

micro (u) ∪ {v : p(l−1)
uv = 1},

N (l)
macro(u) = N (l−1)

meso (u) ∪ {v : p(l)uv = 1}.

This yields scale-specific topologies Gmicro, Gmeso, Gmacro.
Graph-level representations follow:

zS∗ = PoolS(g(G∗)), ∗ ∈ {micro,meso,macro},

with global attention pooling (Li et al., 2015).

Neighbor-patch constraint. To restrict edge addition spa-
tially, we partition the 2D coordinate grid into blocks of
size b × b and allow (p, q) only if ⌊xp/b⌋ = ⌊xq/b⌋ and
⌊yp/b⌋ = ⌊yq/b⌋, with b=4, 2, 1 for micro, meso, macro
respectively. This prevents cross-block edges and aligns
graph growth with the ROI hierarchy.

3.3. Multi-modal multi-scale contrastive alignment

We use bidirectional InfoNCE (Oord et al., 2018):

LI→S = − 1

N

N∑
i=1

log
exp(sim(zIi , z

S
i )/τ)∑

j exp(sim(zIi , z
S
j )/τ)

,

LS→I defined symmetrically,

LALIGN(z
I , zS) = 1

2 (LI→S + LS→I).

The total objective sums per-scale losses (Fig. 2d):

L = LMICRO + LMESO + LMACRO,

where L∗ = LALIGN(z
I
∗ , z

S
∗ ).

4. Experiments
Datasets. We benchmark on HEST-1k (Jaume et al.,
2024a), the largest public paired H&E-ST resource, us-
ing its four Xenium subsets (IDC, PAAD, SKCM, LUAD)
plus an in-house skin dataset. Each WSI is tessellated into
256× 256 tiles at 20× (0.5µm/px), following (Chen et al.,
2024; Vorontsov et al., 2024; Saillard et al., 2024). Prepro-
cessing and splits: Suppl. Sec. C.

Baselines and metrics. We compare against: (1) H&E
foundation model UNI (Chen et al., 2024); (2) VL mod-
els CLIP (Radford et al., 2021) and PLIP (Huang et al.,
2023); (3) H&E-ST contrastive baselines OmiCLIP (Chen
et al., 2025a) and BLEEP (Xie et al., 2023). All base-
lines are fine-tuned with original or grid-searched hyper-
parameters (Suppl. Sec. D). For gene-expression prediction,
we follow HEST-1k linear probing (PCA-256 + ridge re-
gression on top 50 HVGs), reporting tile-level PCC and
MSE (mean±std). For cross-modal retrieval, we report
Recall@p% (p=5, 10, 15) on held-out tiles.

4.1. Quantitative: benchmarking on gene expression
prediction and cross-modal retrieval tasks.

We evaluate alignment via gene expression prediction and
cross-modal retrieval. Multi-modal alignment consistently
enriches H&E embeddings across backbones (ResNet50, H-
Optimus-0, UNI), with up to 67% lower MSE and 56%
higher PCC on UNI (Suppl. Tab. 6); we adopt UNI as
backbone. SIGMMA achieves the highest PCC on gene
expression prediction (Suppl. Tab. 4) and delivers consistent
gains on cross-modal retrieval in both H&E ↔ ST direc-
tions (Tab. 1)—best on most datasets, second on IDC. See
Suppl. Sec. F for further analysis.
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Figure 3. Biological interpretation of SIGMMA cell-level embeddings (PAAD). (a) Microenvironment clusters across scales (left),
close-up of tumor/non-tumor boundary (middle), reference cell-type annotation (right). (b) Cell-type proportions per micro-scale
microenvironment. (c) CXCL2/CXCL6 expression in tumor vs. non-tumor microenvironments (violin) and spatial projection (right).

4.2. Qualitative: cell-aware attention

We probed attention maps of the H&E encoder fine-tuned
with SIGMMA (Suppl. Fig. 6). Unlike UNI, which attends
to tissue boundaries and cell-sparse adipose regions (lipid-
washed white intra-tissue areas, row 1), SIGMMA sharply
localizes on individual nuclei in cell-dense regions (heads 5-
6) and suppresses out-of-tissue activations (rows 3-4, heads
2/4/6), shifting attention toward cell-dense morphology.

4.3. Ablation

We ablate three core components (Suppl. Sec. E): (1) cell
graph, (2) multi-scale loss, (3) graph sparsification via
stochastic edge addition. Multi-scale loss and graph sparsi-
fication contribute most, with the full combination perform-
ing best. Adopting a cell graph alone degrades performance
(Suppl. Tab. 5 row 2) because the GNN receptive field on
sparsely distributed Xenium cells misaligns with its H&E
crop —confirming the graph and multi-scale components
are interdependent by design.

4.4. Biological application

We tested whether SIGMMA’s multi-scale embeddings
capture meaningful biology in a public PAAD section

(Suppl. Sec. C). Clustering and projecting onto the sec-
tion (Fig. 3a) yields spatially coherent domains; at mi-
cro/meso scales, SIGMMA cleanly delineates tumor nests
from surrounding tissue without cell-type supervision. Per-
microenvironment cell-type composition (Fig. 3b) recovers
six structures: two tumor-dominant, one immune infiltrate
(T/B cells excluded from tumor), and three pancreatic com-
partments (perivascular, endocrine, exocrine), consistent
with known pancreatic tumor organization. Differential ex-
pression between tumor-associated and immune-excluded
microenvironments identifies CXCL2/CXCL6 (Hu et al.,
2021b)—chemokines driving immunosuppressive myeloid
recruitment and T/B exclusion —with tumor-localized spa-
tial expression (Fig. 3c). SIGMMA thus recovers hallmarks
of immune exclusion and tumor-specific molecular pro-
grams.

5. Conclusion
We presented SIGMMA, a hierarchical framework align-
ing H&E-ST representations across multiple scales. To
our knowledge, we are the first to formulate and address
the graph receptive field-ROI mismatch arising in cell-
resolution ST. Limitations and future work are discussed in
Suppl. Sec. F.2.
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Impact Statement
This paper aims to advance machine learning in the biomed-
ical domain by integrating whole-slide imaging with gene
expression profiling. We do not identify specific conse-
quences requiring special emphasis at this time.
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He, B., Bergenstråhle, L., Stenbeck, L., Abid, A., Anders-
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Supplementary Material
We begin in Sec. A by elaborating on the motivation behind SIGMMA’s design, focusing on the graph receptive field
(RF)-ROI mismatch that arises uniquely in cell-resolution spatial transcriptomics and which the main text could not fully
expand upon. Sec. B then situates SIGMMA against prior work, detailing how it differs from existing H&E-ST alignment
methods. Building on this, details on the dataset are provided in Sec. C, and methodological descriptions are included in
Sec. D. Additional results that could not be presented in the main text due to space constraints are shown in Sec. E. Finally,
Sec. F discusses challenging cases, limitations, and future research directions.

A. Motivation
In Visium, spots lie on a fixed hexagonal grid (∼100 µm spacing, ∼55 µm diameter) determined by array design, so GNN
message passing expands the receptive field (RF) uniformly and naturally coincides with image ROI crops at each scale.
In Xenium, nodes are individual cells at their true 2D coordinates, and because cell density reflects tissue biology rather
than a regular lattice, graph edges cross ROI boundaries unpredictably (Suppl. Fig. 4). The resulting RF–ROI mismatch is
negligible for Visium but systematic for Xenium, and to our knowledge has not been identified in prior work. The mismatch
is structural: it requires the simultaneous presence of (i) an ST-side graph, (ii) irregularly distributed cells as nodes, and (iii)
multi-scale image ROIs. Because no prior work satisfies all three, the mismatch is structurally absent rather than implicitly
addressed:

• (A) No ST-side graph. TRIPLEX (Chung et al., 2024), HiFusion (Weng et al., 2026), BLEEP (Xie et al., 2023),
OmiCLIP (Chen et al., 2025a), ST-Net (He et al., 2020), sCellST (Chadoutaud et al., 2026), and GHIST (Fu et al.,
2025) have no GNN RF to misalign.

• (B) Graph on a regular grid. Hist2ST (Zeng et al., 2022) and MERGE (Ganguly et al., 2025) build graphs over
Visium spots, so the RF coincides with image ROIs by construction.

• (C) Cell graph without multi-scale alignment. SpaGCN (Hu et al., 2021a), STAGATE (Dong & Zhang, 2022), and
GraphST (Long et al., 2023) use ST-only clustering with no H&E coupling; scstGCN (Xue et al., 2025) performs
single-scale super-resolution without an alignment objective.

The regime of cell-level Xenium graphs with multi-scale cross-modal alignment is therefore genuinely under-explored, and
it is precisely here that the RF–ROI mismatch first becomes substantive. SIGMMA’s neighbor-patch constraint (Sec. 3.2)
addresses it explicitly by restricting edges to cells within the same spatial block, aligning the GNN RF with the pixel-space
ROI hierarchy.

~55µm / spot
(1-10 cells 
aggregated)

cell

Visium
(spot-resolution)

Xenium 
(cell-resolution)

Image ROI crop

In
cr

ea
se

 Im
ag

e 
R

O
I

Figure 4. The graph RF–ROI mismatch is unique to cell-resolution spatial transcriptomics. In Visium, the fixed hexagonal grid
ensures that GNN receptive field expansion corresponds naturally to image ROI crops. In Xenium, the irregular spatial distribution of
cells in a spatial graph causes the GNN RF to cross ROI boundaries unpredictably, creating a systematic mismatch at every scale.
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B. Related work
ST at single-cell resolution. ST has emerged as a powerful approach to map gene expression within the spatial context of
tissues. Specifically, it measures gene expression together with 2D spatial coordinates, indicating the location and level of
expression of specific genes. There are two main techniques for measuring ST: Visium (Williams et al., 2022) and Xenium
(Janesick et al., 2023). Visium is a sequencing-based platform which captures transcriptomic signals at the spot level, where
each spot typically aggregates the expression profiles of multiple neighboring cells. In contrast, the Xenium platform utilizes
high-resolution in situ hybridization and imaging to measure gene expression at the cellular/subcellular levels, offering
deeper insights into cell–cell interactions.

In this work, we use Xenium rather than Visium because Xenium provides cell-level spatial transcriptomics, enabling
alignment with H&E images while explicitly modeling each cell’s 2D spatial context.

Tiling of H&E WSI image. Whole-slide images (WSIs) are gigapixel-scale, making direct application of vision models
computationally prohibitive and forcing heavy down-sampling that removes critical cellular-level signals (Hou et al., 2016).
Since discriminative patterns are small, sparse, and spatially scattered, tile-level modeling enables vision models to learn
high-resolution local features by training on small image tiles, and leads to WSI-level tasks by aggregating tile-level
embeddings (Azizi et al., 2023; Saillard et al., 2024; Chen et al., 2024; Jaume et al., 2024b;a). As molecular phenotypes and
cellular contexts vary across localized regions, tile-level alignment can provide a more fine-grained correspondence between
image features and transcriptomic signals than slide-level alignment.

Motivated by this, our work focuses on tile-level alignment between H&E and ST features, enabling cross-modal learning at
a spatially-resolved and fine-grained level.

Foundation models for H&E and ST. Foundation models have recently emerged in computational histopathology for
both H&E images and ST. For H&E image, DINO (Oquab et al., 2023)-based vision foundation models enable scalable
learning of morphology-rich representations that generalize across slides (Chen et al., 2024; Saillard et al., 2024; Vorontsov
et al., 2024). Extending this line of work, hierarchical transformers leverage the intrinsic multi-scale structure of WSIs and
learn representations across cellular, tissue, and slide levels (Chen et al., 2022). In parallel, ST foundation models, inspired
by large language models, capture cell-level representations by modeling each cell’s gene expression profile as a sequence
using transformer architectures (Wang et al., 2025; Birk et al., 2025), or by encoding the spatial relationships among cells
through graph-based representations and graph neural networks (Birk, 2025; Blampey et al., 2024).

These uni-modal foundation models provide generalizable representations for H&E and ST, serving as building blocks for
downstream multi-modal alignment. In this work, we build upon these foundation models to learn a unified cross-modal
representation between H&E and ST.

H&E-ST contrastive alignment. Early attempts to predict ST profile directly regressed spot-level expression from H&E
image using convolutional neural networks or transformer backbones (Chung et al., 2024; Ganguly et al., 2025). Recent
methods introduced spatial graphs, representing spots as nodes connected by proximity and formulated the ST prediction
problem as node-level regression task (Ganguly et al., 2025). With the advent of high-resolution ST, the paradigm has shifted
from spot to cellular/subcellular-level modeling, leading to cell-graph approach (Ge et al., 2025) and diffusion-based image-
to-expression generation at subcellular resolution (Xu et al., 2025). In parallel, contrastive learning–based approaches have
emerged that align H&E and ST modalities rather than predicting one from the other, enriching cross-modal representations
and improving downstream prediction (Xie et al., 2023; Redekop et al., 2025). VL frameworks extend contrastive alignment,
pairing H&E tiles with biomedical text or gene-token sequences to learn joint representations (Huang et al., 2023; Lu et al.,
2024; Albastaki et al., 2025). Recent works leverage ST to perform spatially resolved alignment between image regions and
Visium spot-level expression (Chen et al., 2025a; Gindra et al., 2025; Guo et al., 2025), with subsequent studies extending
this to cell-level alignment with Xenium data (Glettig et al., 2025).

In contrast, our framework introduces graph-based multi-scale alignment between H&E and ST. We represent each ST tile as
a cell graph constructed from cell coordinates and perform alignment with H&E tile at multiple spatial scales, maintaining
spatial consistency and enabling fine-grained cell-level correspondence across modalities.

H&E to ST prediction. Prior work on H&E to ST prediction formulates the histology-transcriptomics relationship as a
supervised mapping from H&E to gene expression. ST-Net (He et al., 2020) regresses per-spot expression from a single-scale
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image encoder, with no spatial hierarchy on either modality. TRIPLEX (Chung et al., 2024) introduces multi-scale image
context through parallel encoders at the spot, neighborhood, and whole-slide levels, but fuses them into a single per-spot
prediction; ST remains a flat per-spot vector. HiFusion (Weng et al., 2026) decomposes each spot image into multi-resolution
sub-patches to capture intra-spot heterogeneity, yet the hierarchy is again confined to the image side. MERGE (Ganguly
et al., 2025) builds a patch graph with shortcut edges between cluster centroids, but all nodes share a single patch resolution
and ST serves only as a per-node target. STFlow (Huang et al., 2025) models joint expression across spots via flow matching,
but the H&E-ST coupling itself is a unidirectional supervised mapping at Visium spot resolution. Across these methods, all
of which operate on Visium spot data, image encoders and nonlinear decoders are jointly optimized under regression or
generative objectives and evaluated by end-to-end prediction accuracy.

SIGMMA addresses a different problem formulation. Rather than decoding histology into expression, it models the H&E–ST
relationship as symmetric cross-modal representation alignment via contrastive learning between modality-specific encoders.
The two paradigms thus target distinct objectives—representation quality versus prediction accuracy.

This shift in objective is reflected in how the multi-scale hierarchy is constructed: rather than confining hierarchy to the
image side, SIGMMA builds it on both modalities and explicitly aligns them across scales. On the ST side, this takes the
form of a hierarchy over a cell-level spatial graph in which micro-, meso-, and macro-scale representations correspond to
progressively expanded GNN receptive fields, regulated by a neighbor-patch constraint that preserves spatial correspondence
with image-side ROIs. Such a hierarchy is meaningful only when ST itself exhibits internal spatial structure over which
scale can be expanded—the regime enabled by cell-resolution platforms such as Xenium, and not the spot-grid setting
for which earlier methods were designed. The two formulations are therefore complementary rather than competing:
SIGMMA embeddings could be coupled with prediction-oriented decoders, and advances in such decoders may inform
future extensions of SIGMMA.

C. Data
C.1. Data acquisition

HEST1k dataset. The HEST1k dataset (Jaume et al., 2024b) is a publicly available benchmark comprising paired H&E
image and Xenium-ST data. Table 2 provides a comprehensive summary of all Xenium sections within HEST1k, including
tissue types, cell counts, and the presence of cell-type annotations. All sections in the table have paired post-Xenium H&E
morphology images. Cell-type annotations were derived from the TENX116 section, which serves as the reference dataset
for the biological analyses presented in Sec. 4.4.

Table 2. Summary of HEST1k H&E-Xenium ST sections.

Tissue type Section ID # of cells Cell-type
annotations Source

LUAD TENX118 162,254 Public
TENX141 161,000 Public

PAAD
TENX116 190,965 O Public
TENX140 235,099 Public
TENX126 140,702 Public

SKCM TENX115 106,980 Public
TENX117 87,499 Public

IDC

TENX95 574,852 Public
TENX99 892,966 Public
NCBI783 142,272 Public
NCBI785 167,780 Public

In-house dataset. The in-house dataset consists of 21 Xenium ST sections derived from 13 patients with either eczema or
skin warts. Eczema samples were profiled using the Xenium Prime 5K Human Pan-Tissue & Pathways Panel, whereas
skin wart samples were processed with the Xenium Immuno-Oncology Panel. Tissue sections were placed into the active
capture area on Xenium slides and stored accordingly until being processed for in situ gene expression according to the
manufacturer’s protocol. All Xenium slides were processed using the Xenium Prime 5K Human Pan Tissue & Pathways
Panel, including the standard cell segmentation antibody staining. Due to confidentiality, detailed section-level metadata
cannot be shared; however, we report an average cell count of approximately 16,704±6,693 cells per section.
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C.2. Data preprocessing

H&E image. Since the H&E image and Xenium ST profile are acquired on different imaging systems, their spatial
coordinates are not directly comparable. To place morphological information from the H&E image into the same spatial
coordinate system, whole-slide H&E image and immunofluorescence (IF) were registered using Palom (Chen et al., 2025b),
a piecewise registration framework for layers of mosaics. Image registration was performed using the DAPI (IF) and green
(H&E) channels. Coarse affine alignment was initialized using 4,000 keypoints, followed by local shift refinement and
constraint optimization. The final H&E image was reconstructed using a blockwise affine transformation and rescaled to
0.5µm/pixel at 20x magnification level. The Public HEST1k dataset was provided with registration already completed. All
sections are tessellated into 256× 256 pixel-sized tiles.

ST Xenium profile. All Xenium ST data is processed with the 10X platform (Janesick et al., 2023), which provides built-in
cell segmentation and outputs cell-resolved features by default. We extracted ST tiles corresponding to the same spatial
region as each H&E tile and constructed tile-level representations by aggregating the ST profiles of all cells within each tile.
For graph representation of each ST tile, we constructed cell graphs using squidpy.gr.spatial neighbors with
default parameters (Team, 2025), which constructs a 6-nearest-neighbor graph from Euclidean coordinates, encoding local
spatial proximity among neighboring cells. For sequence representation of ST for the VL model, following Loki pipeline
(Chen et al., 2025a), we selected the top 50 highly variable genes by tile-level mean expression and ranked their gene names
in descending mean expression.

C.3. Data splitting strategy

HEST1k Dataset. Due to the limited number of paired H&E–Xenium ST sections in public datasets (Tab. 2), section-level
split is not feasible, as it would not provide enough data for stable model training. Additionally, assigning spatially
adjacent tiles to different splits can lead to spatial leakage across data subsets, since such tiles often share morphological
and molecular characteristics. To address these issues, we employ a spatially-stratified tile split for the HEST1k dataset,
assigning validation and test tiles to non-overlapping spatial regions (Fig. 5). All splits use an 8:1:1 ratio for training,
validation, and testing.

In-house dataset. Given the larger number of available sections, we employ a section-level split for the in-house dataset.
Each section is assigned entirely to one subset to avoid information leakage across data splits. The dataset is randomly
partitioned into training, validation, and test sets with an 8:1:1 ratio.

D. Method
D.1. Implementation detail

We use UNI (Chen et al., 2024) as the H&E encoder backbone, which is a ViT-L/16 architecture. For each H&E tile, we
generate multi-scale crops and resize each patch to the ViT input resolution, 224 × 224 pixels. Each patch is encoded using
the UNI model, and the CLS token output is used as its patch-level embedding. Patch embeddings within each scale are then
mean-pooled and L2-normalized to produce a single representation per scale. This procedure is applied from the micro to
macro scale, yielding a set of multi-scale H&E embeddings.

For the ST encoder, node embeddings are initialized with STEMO features (Birk, 2025), followed by SAGEConv (Hamilton
et al., 2017)-based message passing and stochastic edge addition layer (Piao et al., 2022). All GNN components are
implemented using the dgl library. Graph-level embeddings are then obtained via attention pooling. This procedure is
applied hierarchically from micro to macro scales to produce multi-scale ST representations.

At each scale, H&E and ST embeddings are passed through simple MLP projection heads to obtain vectors of the same
dimensionality, and a symmetric InfoNCE loss is then applied to align the modalities. The hidden dimensions for H&E and
ST embeddings are set to 256 or 512. All projection and encoder layers use LeakyReLU activations.

We optimize the model using AdamW with a StepLR scheduler and weight decay. To obtain a larger effective batch size,
which is essential for contrastive learning, we employ 10 steps of gradient accumulation with a batch size of 128 and
incorporate cross-batch negatives. All experiments are conducted on a single A100 SXM4 GPU with 80GB RAM.

The hyperparameters were tuned by grid search, as a combination of learning rate [0.001, 0.0001, 0.00001, 0.000001],
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Figure 5. Train-validation-test split of HEST1k dataset.

weight decay value [0.001, 0.0001, 0.00001], dropout rate [0.1, 0.2, 0.3, 0.4, 0.5], and feature dimension of H&E/ST
embeddings [256, 512]. Each hyperparameter combination was fed into the model, and the validation loss was calculated.
The model checkpoint with the smallest evaluation loss is saved for testing. You can find the optimized hyperparameter
settings in Tab. 3 and in the code under config/{dataset} {model name}.yaml.

D.2. Evaluation metrics.

Gene expression prediction. For each tile, we assess how accurately the model predicts the expression vector over the top
G (G=50) highly variable genes. Let yi,g and ŷi,g denote the ground-truth and predicted expression values of gene g in tile i.
Tile-level MSE and PCC are computed across genes as follows:

MSEi =
1

G

G∑
g=1

(yi,g − ŷi,g)
2 (1)

PCCi =
(yi − ȳi)

⊤(ŷi − ¯̂yi)

∥yi − ȳi∥2 ∥ŷi − ¯̂yi∥2
(2)

We report dataset-level performance as the mean ± standard deviation of MSEi and PCCi across all tiles.

Cross-modal retrieval. For a query tile q from one modality (HE or ST), we rank all tiles in the other modality by
embedding similarity. Retrieval accuracy is measured by whether the paired tile appears within the top-p%. Recall@p% is
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Table 3. Hyperparameters for SIGMMA training.

Hyperparameters Value
Image encoder input dimension 1024

Image encoder output dimension 512
Spatial encoder input dimension 384
Spatial encoder output dimension 512

Number of GNN layers 2
Dropout rate 0.1

Temperature τ 0.01
Batch size 128

Gradient accumulation steps 10
Effective batch size 1280
Number of epochs 100

Weight decay 1× 10−3

Learning rate (LR) 1× 10−4

LR scheduler Step decay
LR step size 100
LR gamma 0.1
Optimizer Adam

defined as follows:

Recall@p% =
1

N

N∑
q=1

1(yq ∈ TopK(q)) , (3)

where N denotes the number of query tiles, K = ⌊p%×N⌋ and 1(·) is the indicator function.

D.3. Fine-tuning of baselines.

All baselines were either fine-tuned on our standardized data splits or evaluated using their official checkpoints. Each
model was fine-tuned using the loss function specified in the original implementation. For BLEEP, no pretrained BLEEP
checkpoint is provided, and only the ResNet50 (He et al., 2016) backbone is publicly available; therefore, we initialized
BLEEP with this backbone and fine-tuned the model on our dataset to ensure a consistent and fair comparison.

E. Result
E.1. Performance on gene expression prediction task

Here, our focus is to evaluate the quality of the learned image representation for gene expression prediction (Tab. 4).
Therefore, to avoid introducing biases from different methods’ gene expression decoders, we use the image embedding
output by each method and apply a ridge regression for gene expression prediction for each method.

Table 4. Gene expression prediction across HEST1k and in-house datasets.

Dataset HEST1k-LUAD HEST1k-PAAD HEST1k-SKCM HEST1k-IDC in-house skin

Model MSE (↓) PCC (↑) MSE (↓) PCC (↑) MSE (↓) PCC (↑) MSE (↓) PCC (↑) MSE (↓) PCC (↑)

UNI 0.046±0.041 0.476±0.064 0.008±0.008 0.470±0.064 0.073±0.080 0.666±0.032 0.046±0.041 0.476±0.064 0.094±0.072 0.418±0.014

CLIP 0.052±0.052 0.467±0.088 0.009±0.010 0.245±0.081 0.080±0.066 0.541±0.018 0.052±0.052 0.467±0.088 0.103±0.084 0.330±0.022
PLIP 0.027±0.016 0.561±0.059 0.011±0.012 0.432±0.032 0.060±0.055 0.612±0.058 0.053±0.050 0.465±0.089 0.107±0.084 0.331±0.015

BLEEP 0.011±0.011 0.252±0.082 0.004±0.008 0.124±0.137 0.012±0.006 0.594±0.232 0.004±0.003 0.443±0.159 0.035±0.008 0.292±0.034
OmiCLIP 0.022±0.013 0.613±0.034 0.018±0.016 0.480±0.026 0.083±0.057 0.481±0.061 0.053±0.044 0.472±0.055 0.118±0.093 0.230±0.025

SIGMMA 0.015±0.007 0.741±0.023 0.015±0.015 0.485±0.036 0.051±0.048 0.744±0.052 0.051±0.043 0.510±0.072 0.060±0.032 0.452±0.025
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E.2. Ablation study

Here, we present ablation results for the core components of the gene expression prediction task and cross-modal retrieval
task (Tab. 5) on the HEST1k-LUAD dataset. Each component contributes to performance gains in both tasks: adding the
multi-scale loss and graph sparsification progressively improves prediction/retrieval accuracy, and integrating all components
yields the best overall performance.

Table 5. Ablation of core components of SIGMMA on HEST1k-LUAD for task 1 and task 2.

Task 1. Gene expression prediction.

Components Task 1.

Cell
graph

Multi-
scale

Graph
sparsif. MSE (↓) PCC (↑)

0.032±0.018 0.345±0.035
✓ 0.039±0.018 0.268±0.032
✓ ✓ 0.020±0.014 0.645±0.046
✓ ✓ ✓ 0.015±0.007 0.741±0.023

Task 2. Cross-modal retrieval.

Components H&E → ST ST → H&E

Cell
graph

Multi-
scale

Graph
sparsif. R@5% R@10% R@15% R@5% R@10% R@15%

0.517 0.694 0.768 0.529 0.673 0.780
✓ 0.480 0.639 0.737 0.459 0.621 0.722
✓ ✓ 0.550 0.667 0.786 0.514 0.685 0.761
✓ ✓ ✓ 0.590 0.728 0.826 0.602 0.768 0.813

We additionally explored (1) different H&E image backbones, ResNet50 (He et al., 2016), H-Optimus-0 (Saillard et al.,
2024), and UNI (Chen et al., 2024), and (2) different ST backbones for cell embedding initialization, Harmony (Korsunsky
et al., 2019), Novae (Blampey et al., 2024), and STEMO (Birk, 2025). These experiments assess the impact of backbone
choices and support the architectural decisions made in our final model. SIGMMA, built upon the UNI vision backbone,
consistently achieves the best performance across both downstream tasks (Tab. 6).

On the other hand, among the ST backbones, STEMO tended to perform well overall across both downstream tasks (Tab. 7).
Accordingly, these results justify selecting UNI and STEMO as the vision and ST backbones in our framework.

Table 6. Ablation of vision backbones on HEST1k-LUAD for task 1 and 2.

Task 1. Gene expression prediction.

Model MSE (↓) PCC (↑)

ResNet50 0.052±0.047 0.365±0.079
SIGMMA (ResNet50) 0.031± 0.035 0.389±0.064

H-Optimus-0 0.035±0.034 0.512±0.078
SIGMMA (H-Optimus-0) 0.020±0.018 0.673±0.030

UNI 0.046±0.041 0.476±0.064
SIGMMA (UNI) 0.015±0.007 0.741 ±0.023

Task 2. Cross-modal retrieval.

H&E → ST ST →H&E

Model R@5% R@10% R@15% R@5% R@10% R@15%

SIGMMA (ResNet50) 0.086 0.199 0.260 0.135 0.229 0.333

SIGMMA (H-Optimus-0) 0.563 0.676 0.777 0.554 0.688 0.774

SIGMMA (UNI) 0.590 0.728 0.826 0.602 0.768 0.813

Table 7. Ablation of ST backbone in HEST1k-LUAD dataset for task 1 and 2.

Task 1. Gene expression prediction.

Model MSE (↓) PCC (↑)

SIGMMA (Harmony) 0.005±0.005 0.498±0.076

SIGMMA (Novae) 0.011±0.003 0.606±0.048

SIGMMA (STEMO) 0.015±0.007 0.741±0.023

Task 2. Cross-modal retrieval.

H&E → ST ST →H&E

Model R@5% R@10% R@15% R@5% R@10% R@15%

SIGMMA (Harmony) 0.529 0.723 0.820 0.526 0.730 0.830

SIGMMA (Novae) 0.039 0.086 0.148 0.049 0.099 0.148

SIGMMA (STEMO) 0.590 0.728 0.826 0.602 0.768 0.813

E.3. Attention map analysis

To probe what each model attends to in the input H&E tile, we extracted self-attention weights from the final transformer
block (L = 24) of the UNI ViT-L/16 image encoder, comparing the pretrained UNI backbone (baseline) to the same
backbone after SIGMMA fine-tuning. For each input tile, we visualize the class-token–to-patch attention distribution from
each of the six attention heads in this last layer, reshaping the per-patch attention scores into a 2D map aligned to the input
image. As an anatomical reference for nuclei-rich regions, we overlay the built-in Xenium cell segmentation as a blue
contour on each input tile, allowing direct visual comparison of attended regions against cell-dense areas (Fig. 6).

14



770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824

SIGMMA: Multi-scale H&E-ST contrastive alignment

SI
G
M
M
A

B
as
el
in
e

SI
G
M
M
A

B
as
el
in
e

Input Head1 Head2 Head3 Head4 Head5 Head6

Figure 6. Attention maps from six attention heads in the last encoder layer (L = 24) of the UNI image encoder backbone fine-tuned
with SIGMMA, illustrating class-token–to-patch attention distributions. Blue contour overlaid on the input images indicates the cell-
segmentation mask, marking the boundaries of cell-rich regions.

E.4. Sensitivity analysis on tile size

We further conduct a sensitivity analysis on tile size, as tile resolution is a common source of variability in histopathology
pipelines. Tile size 224 is a common choice in general vision models, while 256 is the standard image size used in many
histopathology foundation models (Chen et al., 2024; Vorontsov et al., 2024; Saillard et al., 2024). As shown in Tab. 8,
performance varies moderately across 224, 256, and 512 pixel tiles, but SIGMMA shows no collapse or strong dependence
on any specific configuration. Mid-sized tiles (224/256 pixel) perform well across both tasks, while 512 pixel tiles show
reduced performance, potentially due to increased heterogeneity within larger regions. Overall, this sensitivity analysis
shows that while performance varies with tile resolution, SIGMMA remains generally robust, and medium tile sizes tend to
provide favorable performance across tasks.

Table 8. Sensitivity analysis on tile size for task 1 and 2.

Task 1. Gene expression prediction.

Tile size MSE (↓) PCC (↑)

224 × 224 0.012±0.005 0.677±0.020

256 × 256 0.015±0.007 0.741±0.023

512 × 512 0.011±0.004 0.438±0.065

Task 2. Cross-modal retrieval.

H&E → ST ST → H&E

Tile size R@5% R@10% R@15% R@5% R@10% R@15%

224 × 224 0.616 0.755 0.817 0.598 0.744 0.794

256 × 256 0.590 0.728 0.826 0.602 0.768 0.813

512 × 512 0.453 0.605 0.721 0.523 0.640 0.733

F. Discussions
F.1. Analysis of challenging cases

Understanding the PCC–MSE discrepancy. Although SIGMMA achieves high PCC across genes, indicating that it
accurately captures the relative variation of expression across tiles, inspection of calibration plots reveals a consistent
miscalibration in absolute prediction values. As shown in Fig. 7, the regression line has slopes < 1 and positive intercepts,
indicating that the model underestimates variation while introducing a systematic bias. This global calibration mismatch
increases MSE despite preserving rank-order consistency, explaining the discrepancy between PCC and MSE observed in
Tab. 4.

Embedding similarity challenges IDC retrieval. As shown in Fig. 8, H&E embeddings in IDC from SIGMMA are highly
homogeneous, making many tiles nearly indistinguishable and inherently limiting ST→HE retrieval. By contrast, CLIP
produces more dispersed H&E embeddings for IDC, indicating greater apparent variability. This difference in feature
distribution explains why ST→HE retrieval drops for SIGMMA specifically on IDC.
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Figure 7. Calibration analysis of gene expression predictions.
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Figure 8. Cosine similarity of H&E embeddings.

F.2. Limitations and future work

Limitations. Although SIGMMA learns meaningful multi-modal representation, several limitations remain. The model’s
generalizability is constrained by the limited range and diversity of available paired H&E–Xenium ST datasets, hindering
robust performance across heterogeneous tissue types. Additionally, because the approach relies on hierarchical spatial
graphs constructed from cell segmentation, its effectiveness is inherently dependent on segmentation quality, which may be
variable in complex tissue contexts.

Future work. Future extensions of SIGMMA include evaluating the framework on other single-cell–resolution spatial tran-
scriptomics platforms (e.g., CosMx, MERSCOPE) to assess cross-platform robustness. In addition, SIGMMA’s hierarchical
design naturally scales to the WSI-level task, which we plan to explore as a next step. Finally, extending retrieval evaluation
beyond within-tissue settings to cross-tissue scenarios may reveal how well the learned representations generalize across
distinct morphological and molecular contexts.
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