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Abstract. Spatial Transcriptomics (ST) has transformed biomedical re-
search by enabling the spatial mapping of gene expression across tis-
sue sections. However, high operational costs, specialized equipment re-
quirements, and sensitivity to experimental noise limit the accessibil-
ity and scalability of ST. Recent computer vision approaches aim to
overcome these limitations by predicting spatial gene expression directly
from histopathology images. While effective, current approaches often
suffer from gene expression over-smoothing and overly uniform predic-
tions across tissue regions, suggesting that further progress depends on
learning representations that reflect the hierarchical and asymmetric
structure of gene regulation and tissue morphology. To address these
issues, we propose Hyperbolic Contrastive Learning with Entailment
for Spatial Transcriptomics (HyCLoST), a hyperbolic contrastive learn-
ing model that captures the intrinsic hierarchical relationships within
ST data. By leveraging hyperbolic geometry and a gene-to-image en-
tailment loss, HyCLoST learns structured, biologically grounded rep-
resentations that improve gene expression prediction accuracy, achiev-
ing a 6% reduction in MSE and an 8% increase in PCC across 26 ST
datasets, over previous methods. Our source code is publicly available at
https://github.com/BCV-Uniandes/HyCLoST.

Keywords: Spatial Transcriptomics · Hyperbolic Representation Learn-
ing · Gene Expression Prediction

1 Introduction

Spatial Transcriptomics (ST) enables the measurement of gene expression within
the spatial architecture of tissues [14], effectively aligning histological appearance
with local gene expression profiles and providing a rich view of tissue organization
and disease mechanisms [21,13]. However, its high cost, specialized equipment
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Fig. 1. (a) HyCLoST learns a joint hierarchical representation of histopathology
patches and corresponding gene expression vectors via contrastive learning in hyper-
bolic space. (b) During training, image patches and paired gene expression vectors are
encoded with UNI2-h and Geneformer and projected into a shared hyperbolic space.
(c) A patch–gene entailment objective models the asymmetric relationship between
modalities. (d) In inference, a patch is encoded and projected into the learned hyper-
bolic space, and its prediction is obtained by averaging the k nearest gene embeddings.

requirements, and susceptibility to technical noise and missing measurements
limit its scalability and the development of robust Artificial Intelligence (AI)
models [10,25,12].

Numerous studies have explored computer vision methods to predict spa-
tially resolved gene expression from histopathology images [9,29,23]. Existing ap-
proaches can be broadly categorized into architecture-focused and representation-
focused methods. Architecture-focused models, such as ST-Net [9], HisToGene
[18], EGN [28], EGGN [27], and MERGE [7], refine network designs to capture
local morphology and long-range dependencies, while BLEEP [26] introduces
multimodal contrastive alignment in a shared Euclidean space. More recently,
NH²2ST [19] employs a dual-branch architecture combining cross-attention and
contrastive learning: a query branch for paired histology patches and gene ex-
pression vectors, and a neighbor branch to capture multi-scale spatial context.

In these methods, performance improvements have largely plateaued, sug-
gesting that further progress may depend more on representation geometry. Con-
sequently, representation-focused methods such as TRIPLEX [4] and M2TGLGO
[22] incorporate multi-resolution and biological functional priors, and HAGE [5]
further injects gene co-expression relationships as prior knowledge into the image
encoder via cross-attention, aligning gene-guided image and expression embed-
dings through contrastive learning, yet all still rely on Euclidean embeddings.

Biological systems are inherently hierarchical: gene expression constrains tis-
sue organization through structured regulatory pathways that give rise to mor-
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phology [8]. However, most existing approaches fail to model this hierarchy ex-
plicitly. Although DELST [3] introduces hyperbolic entailment, its hyperbolic
component mainly serves as a regularizer, with multimodal alignment still per-
formed in Euclidean space. To overcome these limitations, we propose Hyperbolic
Contrastive Learning with Entailment for Spatial Transcriptomics (HyCLoST),
a hierarchically structured contrastive framework that predicts gene expression
from histopathology images using hyperbolic representations.

As shown in Fig. 1a, HyCLoST projects embeddings into a joint hyperbolic
space, which naturally captures hierarchical relationships and enhances con-
trastive alignment. Inspired by [6], HyCLoST also incorporates an entailment
loss to enforce a directional relationship between gene expression and image em-
beddings, reflecting the biological asymmetry in which molecular profiles give rise
to tissue morphology. We build upon pretrained foundation models, UNI2-h [2]
and Geneformer [24], to extract high-quality unimodal features. Furthermore,
we address inconsistencies in prior evaluations by re-evaluating recent meth-
ods within the unified SpaRED benchmark [16], which standardizes comparison
across 26 public datasets.

To summarize, our main contributions are: (1) We introduce HyCLoST, a
hyperbolic contrastive learning framework that leverages hierarchical geome-
try to improve multimodal alignment and prediction accuracy in ST. (2) We
propose a gene-to-image entailment loss that captures the directional relation-
ships between gene expression profiles and tissue morphology. (3) We unify gene
expression prediction evaluation under a standardized benchmark. We eval-
uate our model on the 26 datasets of the SpaRED benchmark [16], achiev-
ing an average 6% reduction in Mean Squared Error (MSE) and an 8% in-
crease in Pearson Correlation Coefficient (PCC) compared to prior methods.
To promote further research on ST, our source code is publicly available at
https://github.com/dvegaa00/HyCLoST.

2 Method

The general workflow of HyCLoST is illustrated in Fig. 1b. We encode histopathol-
ogy patches and gene expression profiles using pretrained foundation models
(UNI2-h and Geneformer), project them to a shared latent space, and map
them to a joint hyperbolic representation. Training optimizes two objectives:
a symmetric contrastive loss using negative hyperbolic distance as logits, and an
entailment loss that enforces directional gene-to-image consistency via semantic
cones.

As shown in Fig. 1d, during inference, HyCLoST encodes test patches and
projects them into the learned hyperbolic space. We obtain predictions via re-
trieval: for each test patch embedding, the model identifies the top-k nearest
training gene embeddings under the Lorentzian inner product and averages
their corresponding gene expression vectors. This non-parametric strategy is
well suited to SpaRED’s heterogeneity across tissues and species, as retrieval
adapts locally to nearby learned gene-expression contexts instead of forcing a

https://github.com/dvegaa00/HyCLoST
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single parametric decoder to compress diverse output distributions. At scale,
embeddings are precomputed once per dataset, so KNN cost grows linearly with
dataset size and remains lightweight relative to feature encoding.

2.1 Data encoding and hyperbolic mapping

HyCLoST uses the Lorentz model [17] to represent hyperbolic geometry, where
an n-dimensional hyperbolic space is embedded in the upper sheet of a two-
sheeted hyperboloid in Rn+1. Each vector u ∈ Rn+1 is represented as [uspace, utime],
with uspace ∈ Rn and utime ∈ R denoting the spatial and time-like components
[20].The Lorentzian inner product between u, v ∈ Rn+1 is defined as:

⟨u, v⟩L = −utimevtime +

d∑
j=1

ujvj , (1)

where
∑d

j=1 ujvj , represents the Euclidean inner product ⟨u, v⟩ of uspace and
vspace. Moreover, the hyperboloid curvature −c, is defined as:

Ln =

{
u ∈ Rn+1 : ⟨u, u⟩L = −1

c
, utime =

√
1

c
+ ∥uspace∥2.

}
, c > 0, (2)

where ∥ · ∥ is the Euclidean norm. The curvature c is learned via c = exp(c̃),
with c̃ optimized jointly with the network. Thus, given a Euclidean embedding
z ∈ Rn, we map it from the tangent space at the origin to the hyperboloid
via the exponential map (Eq. 3), with the time component determined by the
hyperboloid constraint in Eq. 2:

zspace = expO(z) =
sinh(

√
c ∥z∥)√

c ∥z∥
z (3)

To construct the patch-gene hyperbolic space, each histopathology patch xi ∈
R224×224×3 and its corresponding gene expression vector yi ∈ Rm are encoded
using pretrained models UNI2-h f(·) and Geneformer h(·), yielding embeddings
x̂i ∈ R1536 and ŷi ∈ R768. These representations are linearly projected to a
shared latent space of dimension d = 512, producing x̄i, ȳi ∈ R512. The projected
embeddings are then mapped via Eq. 3 to the hyperbolic space, resulting in
hyperbolic representations pi, gi ∈ H512.

2.2 Contrastive learning with hyperbolic representations

After projecting image and gene embeddings into Hd, HyCLoST aligns both
modalities using a symmetric contrastive objective based on hyperbolic geodesic
distance. Following [6], the distance between embeddings pi and gi is computed
as:

dL(pi, gi) =
1√
c
cosh−1(−c ⟨pi, gi⟩L). (4)



Hyperbolic Contrastive Learning for Spatial Transcriptomics 5

We use the negative distance as similarity, defining logits for a given set of N
paired samples as: S(P )

ij = −dL(pi, gj), S
(G)
ij = −dL(gi, pj).

Each patch-gene pair (pi, gi) constitutes a positive match, while all other
pairs in the set act as negatives. Consequently, the symmetric contrastive loss
is:

Lcon =
1

2N

N∑
i=1

[
ℓ(S

(P )
i , i) + ℓ(S

(G)
i , i)

]
, (5)

where ℓ(S
(P )
i , i) denotes the cross-entropy loss with target i corresponding

to the diagonal element. This objective pulls matched embeddings closer while
pushing mismatched pairs apart, leveraging hyperbolic geometry to structure
hierarchical relationships across modalities.

2.3 Gene-to-Image entailment

While the contrastive loss aligns paired image and gene embeddings symmet-
rically, the relationship between these modalities is inherently asymmetric: the
visual appearance of a tissue arises from its underlying gene expression pro-
file [8]. To model this directional dependency, we introduce an entailment loss
inspired by [6], which enforces directional containment in hyperbolic space by
encouraging image embeddings to lie within the entailment region induced by
gene embeddings (gene to image). For each patch-gene pair (pi, gi) we compute
the exterior angle at gi in the hyperbolic triangle (O, pi, gi).

ext(gi, pi) = cos−1

(
pi,time + gi,timec ⟨pi, gi⟩L

∥gi,space∥
√
(c ⟨pi, gi⟩L)2 − 1

)
, (6)

Intuitively, the closer pi lies to this direction, the more consistent the his-
tological appearance is with its underlying gene expression profile. As shown in
Fig. 1c, each gene embedding gi defines an entailment cone on the hyperboloid,
parameterized by a half-aperture angle defined as:

αi = sin−1

(
2 rmin

∥gi∥
√
c

)
, (7)

where rmin denotes the minimum cone radius (set to 0.1) and c is the hyperbolic
curvature. The entailment loss penalizes violations of this geometric constraint:

Lent =
1

2

N∑
i=1

max(0, θi − αi) , (8)

where θi = ext(gi, pi).
Minimizing Lent enforces a containment relation in which gene expression

embeddings geometrically “entail” their patch counterparts. The overall training
objective combines the contrastive and entailment components as L = Lcon +
µLent, where µ controls the relative contribution of the entailment loss during
training.
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3 Results

3.1 Experimental Framework

Datasets. We use the 26 publicly available datasets from SpaRED [16], compris-
ing 14 human and 12 mouse datasets across nine tissue types. These datasets are
standardized for the gene expression prediction task of the top 128 or 32 most
spatially autocorrelated genes. Following previous work [16,1], we pre-process
the datasets using LGDiST [1]. We evaluate gene expression prediction using
MSE and PCC computed only on genes directly measured by ST, excluding
pre-completed values.

State-of-the-Art We compare HyCLoST against nine state-of-the-art meth-
ods: ST-Net [9], HisToGene [18], SEPAL [15], EGN [28], EGGN [27], BLEEP
[26], TRIPLEX [4], MERGE [7], and M2TGLGO [22]. All methods were imple-
mented following their official repositories.

For M2TGLGO, the original configuration limits training and evaluation to
genes with available Gene2Vec embeddings, excluding on average 6 of 128 genes
per dataset. We report results for the Gene2Vec-restricted variant (denoted by
*) and for a Geneformer-based variant that covers the full gene set (reported
without *). For TRIPLEX, 1-3 genes are predicted as constant across datasets,
affecting evaluation. We report these results without *, and additionally provide
metrics excluding constant gene predictions (denoted by *).

Implementation Details We train on a NVIDIA Quadro RTX 8000 using
AdamW [11] (weight decay 0.2, batch size 128). The learning rate follows a linear
warm-up (4,000 steps) to 5×10−4 with cosine decay over 120,000 total steps. To
reduce computation, foundation model embeddings are precomputed and reused
across experiments. For inference, we define k as 80.

3.2 Main Results

Tab. 1 compares HyCLoST with nine state-of-the-art methods across the 26
SpaRED datasets, resulting in eleven evaluated configurations due to starred
variants. HyCLoST achieves the lowest average MSE and highest average PCC,
with improvements of 6% and 8% over the second-best method, respectively. The
improvement on both metrics indicates that HyCLoST accurately predicts ab-
solute expression values and also captures spatially coherent expression patterns
aligned with the ground truth. Moreover, statistical analysis confirms signifi-
cant differences among methods (Friedman test, χ2 = 117.02, p < 10−19). Hy-
CLoST achieved the best average rank (2.79) and significantly outperformed
10 of 11 baseline configurations under paired one-sided Wilcoxon tests with
Holm–Bonferroni correction (α = 0.05).

Although recent approaches report competitive results, our evaluation in
SpaRED shows that improvements over simpler models remain modest. In con-
trast, HyCLoST delivers consistent improvements in both MSE and PCC within
an architecturally efficient, geometrically grounded framework. As shown in
Tab. 1, it ranks first in 10 of 26 datasets, demonstrating robust performance
across diverse tissues and acquisition settings.
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Table 1. Average MSE and PCC over the 26 datasets in SpaRED. Symbol * denotes
models missing a set of genes due to constraints (Section 3.1). The best results are
highlighted in bold, and the second best are underlined. #Best indicates the number
of datasets where each method achieves the best MSE. Avg. Rank denotes the average
MSE-based rank across the 26 datasets, as used in the Friedman test. ✓ denotes statis-
tically significant improvement of HyCLoST over the corresponding baseline in MSE
under paired one-sided Wilcoxon tests with Holm–Bonferroni correction (α = 0.05).

Model MSE (↓) PCC (↑) #Best Avg. Rank (↓) Sig.
TRIPLEX [4] 2.433 ± 1.712 0.388 ± 0.208 0 10.167 ✓

HisToGene [18] 1.455 ± 0.581 0.166 ± 0.126 0 9.604 ✓
TRIPLEX* [4] 1.126 ± 0.589 0.393 ± 0.211 1 7.833 ✓
MERGE [7] 1.123 ± 0.736 0.339 ± 0.280 1 6.417 ✓
BLEEP [26] 1.106 ± 0.588 0.317 ± 0.184 0 8.375 ✓

M2TGLGO [22] 1.087 ± 0.417 0.174 ± 0.135 0 8.208 ✓
SEPAL [15] 0.999 ± 0.841 0.393 ± 0.181 4 3.938 ×
EGN [28] 0.982 ± 0.558 0.365 ± 0.154 2 5.021 ✓
STNet [9] 0.974 ± 0.625 0.400 ± 0.169 4 3.854 ✓

M2TGLGO* [22] 0.954 ± 0.380 0.294 ± 0.193 2 6.833 ✓
EGGN [27] 0.953 ± 0.442 0.371 ± 0.173 2 4.958 ✓

HyCLoST (Ours) 0.899 ± 0.436 0.431 ± 0.176 10 2.792 –

3.3 Qualitative Results

Fig. 2 compares the predictions of HyCLoST with those of the second-best per-
forming model (EGGN, as observed in Sec. 3.2) and the two most recent methods
(MERGE and M2TGLGO). The first row shows representative low-error cases.
In this example, HyCLoST achieves the lowest MSE and better preserves the
dynamic range and spatial patterns of the ground truth, whereas competing
models tend to over-smooth or collapse predictions toward uniform values.

In the second row, all methods face more challenging cases and yield higher
errors. Nevertheless, HyCLoST consistently achieves the lowest MSE and better
captures extreme expression values, particularly in high-expression regions where
competing models tend to flatten predictions. Overall, these results highlight
HyCLoST’s ability to preserve spatial structure and dynamic range across diverse
tissues and genes.

3.4 Ablation Experiments

We conduct ablation experiments to validate the geometric and biological prin-
ciples underlying HyCLoST (Tab. 2). First, we assess the contribution of the
entailment weight loss (Rows 1-3). The results confirm that enforcing a partial-
order structure between image and gene embeddings produces a more informa-
tive hyperbolic space, thereby improving prediction accuracy.

Next, we evaluate the impact of using foundation models for both the gene
and patch encoders. Replacing UNI2-h with a small Vision Transformer (ViT)
increases MSE (Row 4 vs. Row 3), indicating less informative patch representa-
tions. Next, we keep UNI2-h as the patch encoder and add Geneformer as the
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Fig. 2. Qualitative comparison of spatial gene expression predictions for two genes from
two SpaRED datasets. For each gene, we show the input patch, gene expression ground
truth, and predictions from HyCLoST, EGGN [27], MERGE [7], and M2TGLGO [22].

gene encoder. This change yields a significant performance improvement (Row
5 vs. Row 3).

Furthermore, we evaluate representation geometry. Replacing the hyperbolic
space with a Euclidean one while keeping all other components unchanged sub-
stantially increases MSE (Row 6 vs. Row 5). This matched comparison isolates
the contribution of the representation space and supports our hypothesis that
hyperbolic geometry provides a better inductive bias than Euclidean embeddings
for modeling the hierarchical structure induced by gene-regulatory organization.

Table 2. Average MSE over the 26 datasets from SpaRED in ablation experiments.
The best results are highlighted in bold.

# Entailment Weight Gene Encoder Patch Encoder Entailment Mode Geometry MSE (↓)
1 0 None UNI None Hyperbolic 0.958
2 0.2 None UNI Gene Hyperbolic 0.942
3 0.5 None UNI Gene Hyperbolic 0.933
4 0.5 None ViT Gene Hyperbolic 1.206
5 0.5 Geneformer UNI Gene Hyperbolic 0.899
6 0.5 Geneformer UNI Gene Euclidean 1.043
7 0.5 Geneformer UNI Image Hyperbolic 0.919

Finally, we analyze the directionality of the entailment relation. Comparing
the configuration “gene entails image” (Row 5) with “image entails gene” (Row
7) shows that the former achieves a lower MSE. Although the average gap is
moderate, the effect is consistent across datasets. Inspecting the per-dataset re-
sults underlying Tab. 2 reveals that the gene-to-image configuration attains lower
MSE in 21 out of 26 datasets. This supports our analytical hypothesis that gene
expression provides a more general molecular description that constrains plausi-
ble tissue morphologies, while histological appearance represents an observable
outcome within a constrained set of possibilities [8].
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4 Conclusions

In this paper, we present HyCLoST, a novel geometric learning framework for
predicting gene expression from histopathology images. HyCLoST builds a joint
hyperbolic space to model hierarchical relationships within ST data and guide
contrastive alignment. A gene-to-image entailment loss captures the asymmetric
dependence of tissue appearance on underlying gene expression, yielding predic-
tions. Experiments on the 26 SpaRED datasets show average improvements of
6% in MSE and 8% in PCC over prior methods. Overall, our results indicate that
refining the geometry and semantics of the representation space enables more
expressive modeling of biological structure, highlighting a promising direction
for spatial gene expression prediction.
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