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Abstract

Spatial transcriptomics (ST) enables the simultaneous measurement of gene expression and spatial localization within tissue sections,
providing unprecedented opportunities to dissect tissue architecture and functional organization. As a relatively new omics technology,
bioinformatics has driven much of the innovation in ST. However, within these frameworks, spatial information is often reduced to locations
and relationships between molecular profiles, without fully leveraging the wealth of sub-micron morphological detail and histological
knowledge available. Advances in computer vision-based artificial intelligence (AI) are opening exciting new avenues beyond conventional
bioinformatics approaches by modeling complex histological patterns and linking morphology to molecular states. More excitingly, they
bring fresh perspectives to potentially address key limitations of ST, including its high cost, limited clinical applicability, and reliance
on 2D analysis of inherently 3D tissues. For instance, models that predict ST directly from histology images enable virtual sequencing,
drastically reducing costs while integrating morphological insights from pathology with molecular biomarkers, thus accelerating clinical
translation. Moreover, computer vision techniques can reconstruct pixel-aligned 3D tissue models, overcoming the technical barriers of
2D acquisition and advancing 3D spatial omics analytics. In this paper, we present the first systematic survey of computer vision AI models
for ST analytics, categorizing approaches across architectures, learning paradigms, tasks, and datasets, and tracing their technological
evolution. We highlight key challenges and future directions, offering a panoramic perspective on vision-driven ST and its potential to
transform both basic research and clinical practice. The curated collection of vision-driven ST papers is available at https://github.com/
hrlblab/computer_vision_spatial_omics.

Keywords computational pathology, spatial transcriptomics, computer vision, medical image analysis

Introduction coordinates and graphs, overlooking the fine-grained morphological

and histological information embedded in tissue sections [8]. In con-
trast, histological images contain rich structural cues, from nuclear

As a rapidly developing multi-omics technology, spatial transcrip-
tomics (ST) enables the simultaneous profiling of gene expression and

spatial localization within tissue sections, offering new insights into
cellular states, tissue architecture, and functional organization [1, 2].
It has shown broad potential in tumor microenvironment analysis,
neuroscience, developmental biology, and clinical pathology [3, 4].
However, as an emerging omics technology, ST still relies heavily
on bioinformatics methods for data analysis and model construction.
Existing studies mainly focus on expression matrices, spatial adja-
cency, and gene co-expression networks [5-7]. While effective at the
molecular level, these approaches often reduce spatial information to

morphology to tissue organization, that are closely associated with
gene expression [9].

Recent advances in computer vision and artificial intelligence (AI)
[10, 11] have brought new momentum to ST analysis [12-14]. Deep
learning models can capture complex visual patterns and nonlinear
relationships between tissue structure and molecular states [8, 15,
16], enabling virtual sequencing and creating new opportunities for
molecular research [17, 18]. Beyond 2D analysis, computer vision
is also advancing 3D spatial omics [14, 19]. By registering and
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Figure 1 Overview of some well-known vision-driven models for ST from 2020 to 2025.

reconstructing consecutive sections, researchers can build more com-
plete 3D molecular maps of tissues, overcoming the limitations of 2D
acquisition [20]. This integration supports more comprehensive stud-
ies of tissue development, disease progression, and tumor microen-
vironments, while laying the foundation for multimodal omics
integration.

Despite its great potential, vision-driven ST remains a rapidly evolv-
ing field lacking systematic summarization. This paper provides an
up-to-date overview of vision-driven ST approaches, focusing on rep-
resentative models developed between 2020 and 2025. Although early
studies demonstrated the feasibility of predicting gene expression
from whole slide images (WSIs), most existing reviews focus on ST
platforms rather than Al-driven image-based modeling. Therefore,
this survey highlights the major methodological advances of vision-
driven ST over the past 5 years, summarizes key progress, discusses
remaining challenges, and outlines future directions.

Figure 1 presents a chronological overview of 46 representative
vision-driven ST models published between 2020 and 2025, showing
the field’s progression from early exploration to rapid expansion.
For clarity, we further categorize these models by targeted spatial
resolution and downstream tasks, distinguishing methods for general
ST problems from those for specific biological or clinical applications.
Notably, inclusion in the timeline reflects existing validation rather
than excluding other promising architectures. Meanwhile, advanced
paradigms from computer vision and natural language processing are
increasingly being adapted to ST research [21-23]. Our contributions
include:

1. The first comprehensive review of existing vision-driven ST
models, covering methodological background, core architec-
tures, and downstream applications. We summarize recent
developments in a hierarchical and structured manner, high-
lighting the evolution of the field, and the connections across
different research directions.

2. Categorization and comparative analysis of models based on
real-world application scenarios (Table 1) and their training
paradigms (Table 2). We focus on architectural designs,

training strategies, data requirements, and task suitability,
aiming to provide a clear understanding of each model’s
strengths, limitations, and practical scope.

3. Discussion of open challenges and future directions in vision-
driven ST. We identify key bottlenecks, emerging trends, and
unresolved questions, and offer insights into potential avenues
for future research.

Materials and methods
Data landscape

Spatial transcriptomics data acquisition pipelines

ST maps gene expression to precise locations within intact tissue
architecture [24]. Preserving spatial coordinates in tissue sections, it
enables in situ analysis of cellular states and their interactions with
local microenvironments, thereby aligning molecular and morpholog-
ical information on the same slide [25-28].

As shown in Fig. 2, ST technologies range from lower-resolution
platforms such as Visium ( 55 um spot size) to high-resolution and
subcellular-scale platforms such as Xenium and CosMx. They can
be broadly divided into in situ sequencing (ISS)-based and in situ
hybridization (ISH)-based methods [29-33]. ISS provides broad tissue
coverage through spatially barcoded mRNA capture and sequencing
but is limited by spot size, which may mix signals from multiple cells.
ISH achieves single-cell or subcellular resolution through fluorescent
probes and iterative imaging.

ST has been widely applied in tumor microenvironment analysis,
neural development, immune profiling, pathology, and integrative
biomedical research [34-36]. It also supports studies of tissue zonation
and cell-cell spatial interactions [37], and is increasingly integrated
with single-cell RNA sequencing and digital pathology imaging to
improve biological interpretability and predictive power [8, 38].

Despite rapid progress, ST analysis still faces major challenges,
including sparse high-dimensional expression matrices, Ccross-
platform batch effects, spatial misalignment, and limited standardized
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Table 1 Landscape of vision-driven models and downstream tasks from May 2020 to December 2025, summarizing each model's backbone
architecture, output resolution, and reported tasks, with checkmarks indicating tasks that were quantitatively evaluated.

Year-Month Architecture Model Resolution GenST  Clustering Super- Align-
resolution  ment/3D
2020-May GNN stLearn [12] Spot-level - v - -
2020-August CNN ST-Net [8] Spot-level v - - -
2021-October GCN SpaGCN [39] Spot-level - v - -
2021-November Transformer HisToGene [40] Spot-level v - v -
2022-January MAE+GNN conST [41] Spot-level - v - -
2022-May CNN DeepSpaCE [42] Spot-level v - v -
2022-July Transformer+GNN Hist2ST [18] Spot-level v - - -
2022-December CNN EGN [15] Spot-level v - - -
2023-March CNN+GNN EGGN [43] Spot-level v - - -
2023-June CLIP BLEEP [16] Spot-level v - - -
2023-August CNN+Transformer BrST-Net [44] Spot-level v - - -
2023-September GNN SEPAL [45] Spot-level v - - -
2023-December Transformer+GNN THItoGene [17] Spot-level v - - -
2024-January AE HistoSPACE [46] Spot-level v - - -
2024-January ViT M20RT [47] Spot-level v -
2024-January CNN+Transformer+GNN  TCGN [48] Spot-level v - - -
2024-March ViT TransformerST [49]  Spot-level - -
2024-May CNN+Transformer TRIPLEX [50] Spot-level v - - -
2024-June CNN HE2Gene [51] Spot-level v - - -
2024-June CNN RedeHist [52] Cell-level v v - -
2024-June CNN+GNN ST-GCHB [53] Spot-level v - - -
2024-June GLM iIMPACT [54] Spot-level - v - -
2024-July Transformer HisToSGE [55] Spot-level v - -
2024-July GNN MuCoST [56] Spot-level - v - -
2024-July CLIP STco [57] Spot-level v - - -
2024-August CNN+Transformer ResSAT [58] Spot-level v - - -
2024-September Transformer STFormer [59] Spot-level - v - -
2024-October Diffusion stDiff [60] Spot and Cell-level v - - -
2024-October CLIP mclSTExp [61] Spot-level v - -
2024-November CNN+Transformer HGGEP [62] Spot-level v - - -
2024-November CNN+Transformer SEQUOIA [63] Bulk-level v - - -
2024-December CNN+GNN ConGcR [64] Spot-level v - - -
2024-December CNN+GNN STMVGAE [65] Spot-level - v - -
2024-December CLIP PathOmCLIP [66] Spot-level v - -
2025-January GNN GIST [67] Spot and Cell-level v v -
2025-January GNN STAIG [19] Spot-level - v -
2025-January Diffusion STEM [68] Spot-level v - - -
2025-March CNN PixNet [69] Spot and Cell-level v - - -
2025-May CNN+GNN ASIGN [14] Spot-level v - - v
2025-May CLIP OmiCLIP [13] Spot and Bin-level v v - v
2025-May CNN STaCker [20] Spot-level - - - v
2025-Jjune CNN+GNN MagNet [70] Spot and Bin-level v - -
2025-June Flow Matching STFlow [71] Spot-level v - - -
2025-Jjune AE+GNN spaMGCN [72] Spot-level - v -
2025-July CNN Img2ST-Net [73] Bin-level v - -
2025-July CLIP Magic [74] Spot-level v - - -
2025-August CLIP DANet [75] Spot-level v - - -
2025-August Diffusion HaDM-ST [76] Cell-level v - - -
2025-August GNN SpalCL [77] Spot-level - v - -
2025-September CNN stimage [78] Spot-level v - - -
2025-September CNN GHIST [79] Spot and Cell-level v v - -
2025-October Transformer Nicheformer [80] Spot and Cell-level v v v v
2025-October Autoregressive GenAR [81] Spot level v - - -
2025-October CLIP UMPIRE [82] Spot level v v v v
2025-November CNN HiFusion [83] Spot level v - - v
2025-November Transformer STPath [84] Spot level v v v v
2025-November Flow Matching HoloTea [85] Spot level v v
2025-December Transformer SpatialEx [86] Spot level v v v
2025-December CLIP SCR2-ST [87] Spot level v
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Table 2 Comparison of collected methods for generative spatial omics tasks, summarizing the backbone architecture, output resolution, evaluated
datasets, and learning paradigm adopted by each model.

Model Architecture Resolution  Dataset Regression Retrieval Generation
ST-Net [8] CNN Spot-level Breast-ST [8] v - -
HisToGene [40] Transformer Spot-level HER2 [93] v - -
DeepSpaCE [42] CNN Spot-level - v - -
Hist2ST [18] Transformer+GNN Spot-level HER2 [93], ¢SCC [92] v - -
EGN [15] CNN Spot-level Breast-ST [8] v -
EGGN [43] CNN+GNN Spot-level Breast-ST [8] v - -
BLEEP [16] CLIP Spot-level Human-Liver [101] - v -
BrST-Net [44] CNN+Transformer Spot-level Breast-ST [8] v - -
SEPAL [45] GNN Spot-level Breast-ST [8] v - -
THItoGene [17] Transformer+GNN Spot-level HER2 [93], cSCC [92] v - -
HistoSPACE [46] AE Spot-level HER2 [93], Breast-ST [8] v - -
M2ORT [47] ViT Spot-level HER2 [93], cSCC [92], Breast-ST [8] v - -
TCGN [48] CNN-+Transformer+GNN  Spot-level HER2 [93] v - -
TRIPLEX [50] CNN+Transformer Spot-level Breast-ST [8], HER2 [93], cSCC [92], v - -
BC1[102], BC2 [102]
HE2Gene [51] CNN Spot-level Breast-ST [8], HER2 [93] v - -
RedeHist [52] CNN Cell-level Breast-Xenium [102] v - -
ST-GCHB [53] CNN+GNN Spot-level DLPFC [95] v - -
HisToSGE [55] Transformer Spot-level DLPFC [95], BC1 [102], BC2[102], v - -
MOB [30]
GHIST [79] CNN Cell-level Breast-Xenium [102] v - -
STco [57] CLIP Spot-level HER2 [93], cSCC [92] - v -
ResSAT [58] CNN+Transformer Spot-level MOB [30] v - -
stDiff [60] Diffusion Spot and Breast-Xenium [102], Breast-ST [8] - v
Cell-level
mclSTExp [61] CLIP Spot-level HER2 [93], cSCC [92] - v -
HGGEP [62] CNN+Transformer Spot-level HER2 [93], cSCC [92] v - -
PathOmCLIP [66]  CLIP Spot and HEST-1K [99] v - -
Cell-level
STEM [68] Diffusion Spot-level HER2 [93], Human-Kidney [94] - - v
PixNet [69] CNN Spot and Breast-ST [8], HER2 [93], Breast-HD - - v
Cell-level [96]
ASIGN [14] CNN+GNN Spot-level Breast-ST [8], HER2 [93], DLPFC [95] v v -
OmiICLIP [13] CLIP Spot and Bin ~ OmiCLIP-ST [13] - v -
MagNet [70] CNN+GNN Spotand Bin  CRC-HD [97], VUMC-Kidney-HD [70] v - -
STFlow [71] Flow Matching Spot-level HEST-1K [99], STImage-1K4M [100] - - v
Img2ST-Net [73] CNN Bin CRC-HD [97], Breast-HD [96] - - v
Magic [74] CLIP Spot-level SpatialTME [103] v - -
DANet [75] CLIP Spot-level HER2 [93], Human-Liver [101] - v -
HaDM-ST [76] Diffusion Cell-level Breast-Xenium [102], - v

Mouse-Brain-Xenium [101]

annotations [1, 24, 88]. To address these issues, a variety of
computational strategies have been proposed [89-91].

Evolution of public spatial transcriptomics datasets

Over the past decade, public ST datasets have evolved rapidly, with
major improvements in resolution, scale, and annotation, as sum-
marized in Table 4. Early ST datasets were mainly generated at the
spot level, where each capture area aggregates signals from multiple
cells [30, 92-94]. Representative examples include mouse olfactory
bulb [30], ¢SCC [92], and DLPFC [95]. These early resources usually
contained limited samples and mainly supported tasks such as gene
expression prediction. With the emergence of high-resolution plat-
forms, ST has gradually advanced toward bin-level and single-cell-
level data. For instance, Breast-HD [96] and CRC-HD [97] provide

bin-level data, while Breast-Xenium and Mouse-Brain-Xenium [98]
achieve single-cell resolution, enabling finer characterization of cell-
cell interactions.

At the same time, dataset scale has expanded substantially. Early
studies typically contained only tens of thousands of spots, whereas
recent resources include millions of spots across more than a hundred
cohorts. Multi-level datasets such as HEST-1k [99], STImage-1K4M
[100] further integrate multiple resolutions within unified frame-
works. For example, HEST-1k contains 153 cohorts with about 2.1 mil-
lion spots, while STImage-1K4M covers 121 cohorts and ~4.2 million
spots. This expansion provides a stronger basis for robust analysis and
large-model training. Supported by these enriched datasets, ST tasks
have also become increasingly diverse. What initially focused on gene
expression prediction has expanded to include 3D registration and
multi-task benchmarking.
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Vision-driven tasks for spatial transcriptomics

Advances in Al and computer vision have provided powerful tools for
medical image analysis [104-107]. Recently, vision-driven ST models
have emerged as a promising approach to overcome experimental
limitations and expand data accessibility [8, 14, 16], driving progress
in a range of downstream ST tasks [15, 39, 40, 42]. In this section, we
review representative vision-driven tasks in ST and summarize how
image-derived features are used to infer molecular landscapes.

Generative spatial omics

Generative spatial omics forms the foundation of this field by exploit-
ing morphology-molecular correlations to infer gene expression
directly from histology images. Early models such as ST-Net [8] and
HisToGene [40] mainly used transfer learning for gene expression pre-
diction, while later methods introduced contrastive and multimodal
learning to better align visual and omics representations [16, 61]. With
larger datasets and stronger models, recent approaches have further
advanced this paradigm. For example, OmiCLIP [13] combines large-
scale contrastive learning and multimodal pretraining to build a more
general and robust translation framework. Generative spatial omics
supports downstream analysis and serves as a key bridge between
imaging and omics. Representative paradigms and frameworks are
reviewed in Section “Learning manners for generative spatial omics”.

Vision feature encoding and clustering

Vision feature encoding is a fundamental step in vision-driven ST,
transforming histological textures, and tissue architecture into infor-
mative embeddings. Based on these embeddings, clustering becomes
a key downstream task for revealing cellular and molecular hetero-
geneity in space. By improving the alignment between histological
morphology and molecular expression, image-derived features help
uncover important biological patterns. Representative methods such
as SpaGCN [39], SEPAL [45], and STAIG [19] integrate visual features
with graph-based modeling to better characterize local tissue struc-
tures and identify spatial domains. These studies highlight the central
role of visual feature encoding in linking histological organization
with molecular expression and establish clustering as a core task
for spatial pattern discovery and tissue microarchitecture analysis
[49, 52, 77].

Super resolution

Early ST platforms were limited by low spot resolution. To address
this issue, super-resolution methods have been developed to compu-
tationally refine spatial maps with the help of histological structure
cues. Models such as HiST2ST [18] and DeepSpaCE [42] can infer
gene expression at sub-spot or even single-cell resolution, improving
the continuity and accuracy of molecular landscapes. Meanwhile,
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Table 3 Taxonomy of major computational objectives in ST research, organizing representative methods by their primary research objectives together
with the emergence year of each direction and the corresponding representative studies.

ST-Net [8], HisToGene [40], DeepSpaCE [42], EGN [15], EGGN [43], BLEEP [16], BrST-Net [44],
SEPAL [45], THItoGene [17], HistoSPACE [46], M2ORT [47], TCGN [48], TRIPLEX [50], ST-GCHB

[53], STco [57], ResSAT [58], stDiff [60], HGGEP [62], STEM [68], PixNet [69], ASIGN [14], STaCker
[20], MagNet [70], STFlow [71], Magic [74], HaDM-ST [76], GenAR [81], HiFusion [83]

stLearn [12], TransformerST [49], HE2Gene [51], RedeHist [52], HisToSGE [55], MuCoST [56],
mclSTExp [61], ConGcR [64], STMVGAE [65], STAIG [19], spaMGCN [72], SpaICL [77], stImage [78]
SpaGCN [39], conST [41], Hist2ST [18], iIMPACT [54], GIST [67]

SEQUOIA [63], PathOmCLIP [66], DANet [75], GHIST [79]

STFormer [59], OmICLIP [13], scGPT-spatial [109], HEIST [110], SToFM [111], SpaFoundation

[112], FmH2ST [113], Nicheformer [80], STPath [84], spEMO [114], UMPIRE [82], SpatialEx [86],

Primary Objective Since Methods
Morphology-Transcriptome 2020
Mapping
Spatial Heterogeneity and TME 2020
Characterization
Gene Set and Pathway 2021
Association/SVG Detection
Prognostic and Diagnostic 2024
Feature Discovery
Foundation Models 2024
SEAL [115]
Experimental Design 2024
Optimization
Automated Analysis Workflow 2024

benchmarking is also moving toward high-resolution settings. Meth-
ods such as MagNet [70] and PixNet [69] extend training and evalu-
ation protocols for high-resolution ST data, further enhancing model
generalization and robustness.

3D computer vision modeling

To better capture the full structural complexity of biological tissues,
recent studies have introduced 3D modeling and reconstruction
frameworks that integrate serial histological sections into volumetric
molecular atlases [108]. By modeling inter-slice spatial continuity and
morphological consistency, these methods move beyond the limita-
tions of 2D analysis. Representative frameworks such as HisToSPACE
[46] and STaCker [20] reconstruct organ-level spatial context and
continuous molecular landscapes by aligning image and expression
features across adjacent slices. Furthermore, ASIGN [14] incorporates
3D spatial relationships and shifts the task from conventional 2D WSI-
ST prediction to partially observed 3D volumetric WSI-ST imputation.

Key objectives for vision-omics methods
We organize the reviewed studies in Table 3 according to their pri-
mary research objectives, with summarized categories into three
broader levels, including inference and spatial characterization, bio-
logical interpretation and clinical translation, and emerging lifecycle-
spanning paradigms.

Morphological inference and spatial characterization

The first two categories address a core question that how to connect
tissue morphology with spatial molecular information and to under-
stand tissue spatial organization. Since 2020, both directions have
remained highly active and laid the foundation for subsequent devel-
opments. Among them, morphology-transcriptome mapping focuses
on inferring spatial gene expression directly from H&E histology
images. Researches in this direction have progressed from early feasi-
bility demonstrations [8] to stronger modeling of spatial dependencies
[40], cross-modal alignment [16], and generative modeling [68]. In con-
trast, spatial heterogeneity and microenvironment characterization
focus on how tissues are spatially organized. Methods in this category
[12, 19] are designed for tasks such as spatial domain identification

SOFisher [116], S2-omics [117], SCR?-ST [87]

QuST-LLM [118], CellAgent [119], STAgent [120], ChatSpatial [121], EnsAgent [122], stMCP [123]

and tumor microenvironment characterization, extending the field
from molecular prediction to tissue-level spatial understanding, sup-
porting analysis of cellular ecosystems.

Biological interpretation and clinical translation

Building on foundational inference and spatial characterization, the
next two objective categories further push the field from molecular
prediction toward biological interpretation and clinical application.
Among them, Gene Set and Pathway Association/Spatially Variable
Gene Detection focuses on biologically interpretable problems, such as
identifying spatially variable genes [39], characterizing spatial path-
way activity [41], and revealing gene-pathway associations. Com-
pared with direct expression prediction, this category places greater
emphasis on biological knowledge and is better suited for mechanistic
discovery and functional interpretation.

Furthermore, prognostic and diagnostic feature discovery reflects
the fleld’s growing shift toward clinical translation. This category
focuses on linking spatial molecular features to patient prognosis
[63] and diagnostic tasks [66, 79], enabling vision-omics methods
to move beyond molecular estimation toward clinically meaningful
applications. Unlike the previous category, which emphasizes biolog-
ical interpretation, this direction gives greater weight to translational
relevance and practical utility, highlighting a broader shift from pre-
dicting molecular signals to using them for clinical decision-making
[124].

Lifecycle-spanning paradigms and temporal trends
Beyond categories centered on specific scientific questions, the past
2 years have also seen three directions with broader methodological
significance: reinforcement learning (RL)-based experimental design
optimization, automated analysis workflows, and foundation models
(FM). Unlike task-specific methods, these directions address different
stages of the ST research pipeline, pushing vision-omics from isolated
prediction tasks toward a more general paradigm.

Experimental design optimization and automated analysis work-
flows extend the field toward the upstream and downstream stages
of research, respectively. The former [116, 117] focuses on where
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to measure and what to prioritize under constraints such as bud-
get, cost, and feasibility, improving the efficiency and information
yield of spatial omics experiments. The latter [119, 123] explores
how large language models and agent-based systems can organize
complex multi-step pipelines, making ST analysis more automated,
modular, and interactive. Together, these directions show that vision-
omics is expanding from model outputs to the broader chain of data
acquisition, analytical execution, and result interpretation.

Foundation models, by contrast, are not designed for a single down-
stream task but aim to learn general-purpose transferable across
applications. Whether for expression prediction, spatial clustering,
cross-modal retrieval, or clinical inference, methods in this category
[13,110, 111] all seek stronger generalization through large-scale pre-
training. Their rise reflects a broader shift from dataset-specific and
task-specific supervised learning toward more general representation
learning.

This taxonomy also reveals a clear stage-wise pattern. Morphology-
transcriptome mapping and spatial heterogeneity characterization
emerged earliest, whereas most other categories developed mainly
after 2024. This shift suggests that the field is moving beyond its
early prediction-centered framework toward a more comprehensive
methodological landscape spanning biological interpretation, clinical
translation, experimental decision-making, and workflow automa-
tion, marking a more mature stage of vision-omics ST research.

Learning manners for generative spatial omics

Generative spatial omics is one of the most widely studied tasks in
vision-driven models. Existing approaches can be broadly grouped
into three types: (i) regression-based methods, which directly learn
the mapping from image features to gene expression; (2) retrieval-
based contrastive learning methods, which align image and expres-
sion spaces and predict expression from large-scale databases; and
(3) diffusion-based generative frameworks, which reconstruct high-
dimensional expression distributions during inference. Figure 3 sum-
marizes the typical training and inference workflows of these three
strategies. In this section, we review these mainstream paradigms and
discuss representative methods that extend them.

Regression-based modeling

Regression-based approaches are among the earliest and most
widely used strategies for Image-to-ST translation. They formulate
gene expression prediction as a multi-dimensional regression task,
where features extracted from histology images are mapped into
the gene expression space through regression layers. An early
representative work, ST-Net [8], first introduced this idea. ST-Net
employs a pretrained CNN backbone [127] to extract image features,
which are then projected into the gene expression space through
linear layers. Formally, given a histology image I with feature f(I), the
predicted gene expression vector  can be expressed as:

y =W MLP(()) +b, (8]

where W and b denote weights and bias of regression layer.
However, modeling each spot independently limits the capture of

spatial dependencies, and performance is often constrained by feature

quality. To address these issues, later studies introduced strategies to

enhance spatial association modeling [14, 18, 40, 128] and feature rep-
resentation [15, 43, 48]. HisToGene [40] and His2ST [18] incorporate
spatial coordinates to connect spots and refine spatial representations.
EGN [15] and EGGN [43] further construct connections based on image
similarity, bringing visually similar spots closer in feature space to
improve prediction. ASIGN [14] extends this idea into 3D space by
jointly modeling spatial relationships and feature similarity.

Retrieval-based alignment

The success of Contrastive Language-Image Pretraining (CLIP) in
vision-language modeling [129] has opened new possibilities for joint
image-ST representation learning. ST can be viewed as a biological
language, where gene expression profiles act as semantic tokens
describing tissue molecular states [130], aligning histology images
with transcriptomic signals, enabling cross-modal representation
learning and downstream prediction [13, 16, 61, 74].

BLEEP [16] introduced the first multimodal framework. Its core
idea is to maximize similarity between matched image-expression
pairs while minimizing similarity between mismatched pairs. During
inference, gene expression is predicted by retrieving the most sim-
ilar known spots. Formally, for the ith spot consisting of an image
I; and its corresponding gene expression vector x;, the embeddings
are obtained through an image encoder f(-) and a gene expression
encoder g(-):

2 =y, 25 = g0, @)
The contrastive learning objective is based on a symmetric InfoNCE
loss, which jointly optimizes image-to-gene and gene-to-image align-
ment:

exp(sim(z™® 2% 1)

N
1 P
Linfonce = — = 2, | 10g —

nfo N & Zj]il exp(sim(zimgyzjgene)/r)

gene

exp(simz8"¢, 718
+log : p(sim(z; ené i)nir) 3)
Zj:1 exp(sim(z‘l.g 2 g)/r)

where sim(., -) denotes cosine similarity and t is a temperature param-
eter.

During inference, BLEEP predicts gene expression by comparing
the embedding of a query image with all gene expression embeddings
in a reference database. Given a query image I; with embedding

zzmg, the similarity scores with all database embeddings {z}gene )M, are
computed as:
5= Sim(zgmg,zjgene). 4)

The top-K most relevant gene expression vectors {x/-k}{f:1 are then
retrieved, and the final prediction is obtained by a weighted aggre-
gation:

K

. exp(s;, /1)

yq=ZWkak’ Wk = % ®)
k=1 211 €XP(s;,/7)

Building on this framework, mcISTExp [61] extends BLEEP by incorpo-

rating spatial coordinates for joint spatial modeling. Meanwhile, as ST
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Figure 3 Learning paradigms for generative spatial omics task. Current learning paradigms mainly include three forms: (A) Regression-based
prediction which directly maps histology tiles to gene expression profiles; (B) Retrieval-based searching that aligns image-gene representations and
retrieves nearest reference spots to form predictions; (C) Diffusion-based generation which performs conditional noise prediction with a DiT and, at

inference, denoises from noise to generate expression maps.

data scale grows, cross-modal alignment has expanded beyond image-
gene expression to richer modalities such as image-ST gene sentence.
These extensions improve semantic representation and create new
opportunities for vision-omics FM [13].

Generation-based paradigm

The generation-based paradigm attempts to directly model the joint
distribution between histology images and gene expression [46, 68,
71, 73]. In recent years, the emergence of diffusion models [131] has
provided new opportunities for this task. STEM [68] first incorporates
histology images as conditional variables, using DiT [132] as the back-
bone to reconstruct gene expression matrices in a generative manner.
By modeling the probabilistic generation process, STEM captures com-
plex distributions and provides stable and diverse outputs. Formally,
let a gene expression vector be xg € R, where G denotes the number
of genes. The forward diffusion process is defined as:

qxe 1 X0) = N (xg; Jar xo, 1 —a)I), t=1,...,T (6)
where x; denotes the noisy sample at step ¢, and {az[}[T:1 is the noise
schedule.

In the reverse generation process, the model learns the conditional
distribution:

Dot 1 X6 1) = N{Xe-13 a0 O, £ RCD),

S0, L)

where I denotes the histology image and h(I) is the conditional embed-
ding extracted by an image encoder (e.g. a DiT backbone). Training
is typically performed by minimizing the noise prediction objective,
equivalent to a variational lower bound:

Caitr = By et lle = e0 0t L hD)I] (®)

where e ~ N(0,]) denotes Gaussian noise, and ey is the noise predicted
by the model. During inference, given a histology image I as a condi-
tion, the diffusion model starts from Gaussian noise xy ~ A'(0,I) and
progressively applies the conditional denoising process to generate the
final gene expression prediction Xo.

More recently, STFlow [71] introduces Flow Matching [133], a novel
generative modeling framework that directly learns a deterministic,
time-dependent vector field vy (X, t). STFlow uses histology images as
conditional inputs, where the conditional embedding h(I) guides the
deterministic transport from a Gaussian prior to the gene expression
distribution:

dx
i X, t,h(D). 9

Thus, flow Matching reduces the number of sampling steps and
improves both the stability of the generated results.

Results

Differences in data preprocessing, gene selection, and training and
validation schemes lead to diverse experimental settings. In this sec-
tion, we review existing models from these three aspects and summa-
rize commonly used evaluation metrics. Table 5 presents the imple-
mentation strategies of existing methods and their performance on
specific datasets.

Implementation for generative spatial omics
Gene selection

Owing to the sparsity of ST expression data, early studies [8, 14, 15]
often selected highly expressed genes (HEGs) as prediction targets [8].
However, this strategy may overlook important spatial information. To
better capture the link between tissue structure and molecular states,



10 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

Table 5 Comparison of vision-to-ST models across datasets, preprocessing pipelines, validation strategies, and performance, with all metrics taken
directly from the original papers.

Model Dataset Preprocessing Validation strategy Cross-Val Gene MSE PCC
selection

TRIPLEX [50] HER2 [93] Library Log-norm Slide-level v HEG 250 0.228 0.497
His2ST [18] HER2 [93] Library Log-norm Leave One Section Out v HVG 785 - 0.155
THItoGene [17] HER2 [93] Library Log-norm Leave One Section Out v HVG 785 - 0.187
mclISTExp [61] HER2 [93] Library Log-norm Leave One Section Out v HEG 50 0.589 0.388
ASIGN [14] HER2 [93] Library Log-norm Sample-level v HEG 250 0.363 0.693
M2ORT [47] HER2 [93] Library Log-norm Slide-level HVG 250 0.029 0.443
Stem [68] HER2 [93] Log Leave One Section Out - HVG 300 1.074 0.598
ST-Net [8] Breast-ST [8] Library Log-norm Leave One Section Out v HEG 5 - 0.482
TRIPLEX [50] Breast-ST [8] Library Log-norm Slide-level v HEG 250 0.202 0.352
EGN [15] Breast-ST [8] Log-Norm(min-max) - - HEG 250 0.041 0.202
EGGN [43] Breast-ST [8] Log-Norm(min-max) - - HEG 250 0.039 0.292
ASIGN [14] Breast-ST [8] Library Log-norm Sample-level v HEG 250 0.332 0.739
M2ORT [47] Breast-ST [8] Library Log-norm Slide-level - HVG 250 0.031 0.485
mclSTExp [61] cSCC[92] Library Log-norm Leave One Section Out v HEG 50 0.233 0.361
TRIPLEX [50] ¢SCC[92] Library Log-norm Slide-level v HEG 250 0.268 0.490
M2ORT [47] cSCC [92] Library Log-norm Slide-level - HVG 250 0.033 0.509
BLEEP [16] Human-Liver [101] Log Leave One Section Out v HVG 50 - 0.173
Stem [68] Human-Kidney [94] Log Leave One Section Out HVG 300 1.351 0.425

many later methods [16, 68] instead use highly variable genes (HVGs),
improving sensitivity to spatial heterogeneity.

Gene selection scale also varies substantially across methods. Some
studies [16, 61] focus on a small set of key genes (e.g. 50 targets) for
specific pathways or downstream tasks, while others [18, 128] extend
prediction to hundreds of genes (up to 785) to cover the transcriptomic
space more broadly, reflecting different trade-offs between biological
interpretability and computational complexity.

Preprocessing

Existing gene expression preprocessing methods can generally be
grouped into two categories. The first directly applies logarithmic
transformation to raw counts to reduce the long-tail effect in ST
data [16, 68], thereby smoothing differences between low- and high-
expression genes. The second first normalizes raw counts and then
applies log transformation [8, 14, 43, 47, 50].

In practice, the second strategy has gradually become the main-
stream choice, ensuring comparability of expression values across
different spots, compresses the dynamic range of the distribution. By
combining library size normalization with log transformation, it not
only reduces the influence of extreme values but also alleviates biases
caused by differences in sequencing depth. Specifically, let x;; denotes
the raw expression of gene j in spot i. The Library size normalization
is performed as:

Xiji
yhorm 7Y

X S, (10)
Y >k Xik

where Y, X;, represents the total expression (library size) of spot i,
and s is a scaling factor (commonly 104 or 106). Subsequently, a log
transformation is applied:

X%;_g*norm _ 10g(1 +lebprm). 11)

In addition to conventional numerical preprocessing, some meth-
ods [21, 109] further discretize the raw counts into bins to mitigate
differences in gene expression across cohorts. This binning strategy
reduces data sparsity and noise, while also providing a standardized
input representation for training large-scale FM.

Validation strategy

Different methods use substantially different ST data split strategies.
Early studies [8, 50] commonly adopted slide-level cross-validation,
treating different sections from the same sample as independent
training and validation units. Another widely used strategy is Leave-
One-Section-Out [16, 47, 128], where one section is reserved for val-
idation and the others are used for training. However, because ST
data often come from adjacent layers or regions of the same sample,
these sections usually share similar tissue morphology and molecular
patterns, which can inflate reported performance.

To address this issue, recent studies have introduced stricter split-
ting strategies. Some [14] use sample-level splits, ensuring that all
sections from the same sample belong entirely to either training or
validation. Others [50] employ external validation on independent
datasets to provide a more objective assessment of generalization.
Recent work [134] has also begun to systematically benchmark exist-
ing methods under more unified and fair settings.

Evaluation metrics

We summarized current popular evaluation metrics in Table 6.
Mean squared error (MSE) and mean absolute error (MAE) are the
most widely used metrics in ST prediction [8, 14, 50], mainly for regres-
sion tasks that predict gene expression levels. MSE is more sensitive
to large errors, whereas MAE is more robust to outliers. The Pearson
Correlation Coefficient (PCC) measures the linear correlation between
predicted and ground-truth expression profiles and is commonly
used to assess whether models capture spatial expression trends



Table 6 Common evaluation metrics used in vision-to-ST tasks, grouped
by category together with their corresponding formulas.

Metric Category Formula
1 n 7.\2
MSE Error 5 i Vi =Y
MAE Error ISy =il
0o s
PCC Correlation —ZaUNep
NI Vi Gi-0?
SSIM Correlation Gyt )Gy i)
(i +py+C1)(o5 +oy +C2)
2j _ 2j
e ¢ (Opred—0gt)
RVD Variation 2 ‘"::27,)3[
gt
. __ Index—Expected
ARI Clustering ARI = Max—Expected
. 2I(U;V)
NMI Clustering RO THD

¥i.yi denote ground-truth and prediction;y,f/ are their means.ux,uy,axz, ayz,axy

it 2j 2 ’ o
are local statistics; ¢y, ¢, are constants.aprjed, “gtj are variances of gene j; C is the

number of genes.n;; is the contingency table entry, with row sums n;., column
sums n;, and n the total number of samples. ARI can equivalently be computed
= (D[ s Pl

as: ARl = - - m -
S +% D= = CHG

I(U; V) is mutual information, H(-)

entropy.

[8, 48, 128]. However, PCC can be unstable in high-resolution sparse
data. In contrast, the Structural Similarity Index (SSIM), originally
developed for image quality assessment, evaluates whether predicted
spatial maps preserve structural patterns consistent with morphology
[62, 73, 135].

Relative variation distance (RVD) measures the difference between
predicted and ground-truth variance structures at the gene level [68].
It complements PCC by assessing whether a model preserves biological
heterogeneity rather than producing near-mean predictions [16, 68].
For clustering tasks such as spatial domain identification, adjusted
rand index (ARD) and normalized mutual information (NMI) are also
commonly used [12, 39, 59]. ARI evaluates the consistency between
predicted and true cluster assignments, while NMI measures the
shared information between the two partitions, together reflecting the
ability to capture cellular heterogeneity.

Visual interpretability for vision-omics models

Most existing studies [8, 14, 136] focus on predictive performance,
typically measured by PCC and MSE, while giving limited attention
to whether predictions are grounded in meaningful morphological
regions. However, morphological plausibility is important for trans-
parency in ST analysis. Although methods such as HisToGene [40]
and conST [41] provide preliminary visualizations, these remain aux-
iliary rather than systematic explainable Al analyses. In this section,
we review current visual interpretability strategies for vision-omics
models and discuss the limitations of existing XAI approaches in ST
analysis.

Attention map in transformer-based methods
For Transformer-based models [137], attention maps are a widely used
interpretability tool. HisToGene [40] shows a shift from local cellular
morphology in shallow layers to broader tissue context in deeper
layers. Later studies extend this idea: SPiRiT [138] links high-attention
regions to marker genes, while PathCLAST [139] aggregates atten-
tion over a gene-pathway graph to estimate contributions. However,

Briefings in Bioinformatics, 2026, Vol. 27, Issue3 | 11

attention varies more across layers than across genes [140], suggesting
that highlighted regions may reflect hierarchical tissue context rather
than gene-specific cues. Therefore, attention maps are informative but
do not by themselves ensure gene-level semantic interpretability.

Gradient-based attribution in CNN and hybrid models

For CNN-based or hybrid models, gradient-based methods such as
Grad-CAM [141] and Integrated Gradients [142] provide complemen-
tary visual explanations. A recent Grad-CAM study [143] found that
activation maps were nearly identical across different predicted
genes, including CD4 and PDGFRA, despite their distinct spatial
patterns, suggesting reliance on generic tissue-region importance
rather than gene-specific morphology-molecule relationships. Earlier
work such as HE2RNA [144] addressed this issue by generating gene-
specific tile-level heatmaps and validating them with THC staining,
achieving a Pearson correlation of 0.51 for CD3D/E/G. Together, these
studies show that gradient-based XAI can reveal not only where
models attend, but also whether they truly capture biologically
meaningful regions.

Post-hoc XAI

Beyond model-specific interpretability methods, post-hoc XAI
approaches such as LIME [145] and SHAP [146] provide a unified
explanation framework for both CNN- and Transformer-based
systems by perturbing inputs and measuring prediction changes.
STimage [147] combines Cellpose-based segmentation with LIME to
quantify nuclear-level contributions to gene prediction. SpaPheno
[148] computes SHAP values at the spot level to localize tissue
regions and cell types driving clinical phenotype prediction. HistoTME
[149] further integrates attention heatmaps and SHAP summary
plots to identify tumor microenvironment features predictive of
immunotherapy response. Overall, post-hoc methods offer model-
agnostic flexibility, but require substantially higher computational
cost, especially for high-resolution images and large gene panels.

Discussion
Emerging methodological directions

Beyond mainstream supervised and multimodal representation
learning, ST is expanding toward broader computational paradigms,
as summarized in Table 7. Three directions are particularly notable,
including RL for experimental design, agentic Al for workflow
automation, and FM for cross-organ generalization, reflecting a
broader methodological shift to considering what to measure, how
to analyze, and what to validate next.

Reinforcement learning for data acquisition
Classical RL is still relatively uncommon in ST, mainly because it
requires well-defined states, actions, and rewards, which are difficult
to construct for high-dimensional gene expression data with sparse
supervision and delayed feedback. SOFisher [116] formulates field-
of-view selection as a sequential decision-making problem, using
an RL agent to identify imaging regions that maximize biological
information while reducing sequencing cost. SCR2-ST [87] applies
RL-guided active sampling to prioritize informative spatial locations
under limited sequencing budgets. S2-omics [117] further extends this
idea to multimodal spatial omics, using H&E-guided region-of-interest
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Table 7 Landscape of emerging methodological directions in ST (2024—
2026), with checkmarks indicating the primary paradigm of each model,
including FM, RL, and agent-based methods.

Model Year FM RL Agent
QuST-LLM [118] 2024-June v
SOFisher [116] 2024-July v
scGPT-spatial [109] 2025-February v

STAgent [120] 2025-April v
OmiCLIP [13] 2025-May v

HEIST [110] 2025-June v

SToFM [111] 2025-July v

spalLLM [150] 2025-July v
SpaFoundation [112] 2025-August v

FmH2ST [113] 2025-September v

STPath [84] 2025-November v

S2-omics [117] 2025-November v
SCR2-ST [87] 2025-December v

SpEMO [114] 2026-February v

ChatSpatial [121] 2026-February v
EnsAgent [122] 2026-March N

selection to determine where high-resolution profiling should be per-
formed. Overall, RL provides a principled way to prioritize tissue
regions, spatial locations, and modalities for measurement. This role
is complementary to supervised prediction and may become crucial
as higher-resolution spatial platforms continue to raise experimental
Costs.

Agentic artificial intelligence for automated spatial analysis

Agentic Al, especially LLM-based tool-using systems, is advancing
rapidly in ST. This is largely because ST analysis itself involves
multi-step workflows. Such workflows are naturally suited to agent-
based orchestration, where a language model can dynamically
select and coordinate analysis tools according to the biological
question. CellAgent [119] exemplifies this paradigm by enabling
end-to-end single-cell and ST analysis through natural-language
interaction, achieving expert-level performance on many standard
tasks. STAgent [120] further tailors this idea to ST by integrating quality
control, spatial domain identification, and cell-cell communication
analysis into a unified interactive system. stMCP [123] takes a more
modular approach by exposing ST analysis functions as callable
tools for MCP-compatible LLM agents, facilitating integration with
broader agent ecosystems. Together, these studies suggest that agentic
systems in spatial omics are developing less through RL-style policy
optimization and more through LLM-driven workflow automation,
tool coordination, and biological reasoning.

Foundation models for spatial transcriptomics
Foundation models are emerging as one of the most transformative
directions in ST. Unlike task-specific supervised models trained on
individual datasets, they aim to learn transferable representations
from large-scale data, enabling zero-shot or few-shot generalization
across organs, platforms, and experimental settings. Broadly, the cur-
rent landscape includes cross-modal vision-omics FM, H&E-to-ST pre-
diction FM, and ST-native FM.

The first group aligns images with transcriptomic profiles through
large-scale pretraining. OmiCLIP [13] first established this direction,
enabling zero-shot tissue annotation and cross-modal retrieval, while

SEAL [115] further pushes this paradigm toward clinical deployment
by adapting pathology FM with ST supervision and requiring only
H&E images at inference. The second group focuses on large-scale
H&E-to-ST prediction. STPath [84] and SpaFoundation [112] shows
that image-only pretraining can already support competitive zero-
shot ST prediction. The third group consists of ST-native FM, which
pretrain directly on spatial gene expression and cell graphs without
relying on histology images. Representative examples such as SToFM
[111], stFormer [59], and scGPT-spatial [109] learn multi-scale spatial
representations from large transcriptomic corpora, improving down-
stream tasks such as clustering, interaction modeling, and missing
gene imputation.

While substantial progress has been achieved in data resources and
modeling paradigms, several key challenges remain. In this section,
we discuss these pressing issues and further outline potential learning
strategies and opportunities, providing a roadmap for the next phase
of vision—omics integration.

Multimodal data integration in vision-omics modeling

Multimodal data integration [13, 16, 61] has become a major direc-
tion in ST because no single modality can fully capture tissue biol-
ogy. Histopathology images provide rich morphological information,
whereas gene expression profiles reveal molecular states but lack
direct morphological context. By integrating these complementary
modalities, multimodal approaches establish a stronger link between
tissue phenotype and molecular identity, enabling biological insights
that neither modality can provide alone.

Functional benefits of multimodal fusion

Multimodal fusion mainly enhances biological interpretability and
predictive robustness. By jointly modeling tissue morphology and
molecular readouts, these frameworks capture cross-modal relation-
ships that are difficult to recover from either modality alone. For
example, BLEEP [16] aligns H&E images and gene expression in a
shared embedding space and improves marker gene prediction over
unimodal methods such as ST-Net [8], while OmiCLIP [13] extends this
paradigm to 2.2 million paired samples across 32 organs for zero-
shot tissue annotation. HisToGene [40] likewise shows the value of
joint modeling for recovering tissue heterogeneity. Multimodal fusion
also improves robustness, since one modality can compensate for
the sparsity, noise, or limited resolution of the other. For instance,
STAIG [19] and SpalCL [77] use image-derived features to guide spatial
graph construction, reducing reliance on raw expression quality. This
complementary effect is particularly valuable in clinical settings with
variable staining quality, tissue preservation, and sequencing depth.

Structural barriers to reliable cross-modal alignment

The key limitation of current multimodal ST models is not only imper-
fect performance, but also that higher accuracy may still fail to indicate
genuine gene-specific understanding. In practice, many models seem
to identify globally informative tissue regions rather than learn dis-
tinct morphology-molecule correspondences for different genes [143].
This gap reflects several structural barriers to reliable cross-modal
alignment.

A major challenge is resolution mismatch. H&E images provide con-
tinuous visual information at sub-micron resolution, whereas most ST
platforms measure gene expression at the spot level (~55 pm), with



each spot mixing signals from multiple cell types. This discrepancy sets
an inherentlimit on alignment precision. GHIST [79] begins to address
this issue with subcellular-resolution ST supervision, and FineST [151]
further pushes alignment to the nuclei level through segmentation
and contrastive learning. However, the impact of intra-spot cellular
heterogeneity on cross-modal alignment remains insufficiently quan-
tified.

Reference set bias is another barrier, especially in retrieval-based
frameworks. Methods such as BLEEP [16] rely heavily on the com-
position of the reference library, so predictions can be biased toward
overrepresented platforms, tissues, or disease types. Large-scale pre-
training in OmiCLIP [13] partially alleviates this issue, but current pub-
lic ST datasets remain strongly imbalanced in platform and disease
distribution.

Computational complexity is also a major constraint. Joint training
of pathology FM and transcriptomic encoders is often too expensive
on standard hardware, forcing most methods to operate at spot-level
resolution. As a result, the practical resolution of multimodal fusion is
often limited more by computational budget than by biological need.
Lightweight alternatives, such as graph-based methods [19, 77] or
contrastive heads on frozen backbones [61], offer partial relief but
usually with reduced expressive capacity.

Data processing

A major challenge for vision-driven ST models lies at the data level.
High-quality deep learning models require abundant and reliable
ST data, yet such resources remain limited. In addition, substan-
tial heterogeneity across sequencing platforms in capture efficiency
and sequencing depth [98] leads to differences in data format and
signal strength, complicating cross-platform comparison and model
transfer [152]. Another difficulty is the imperfect spatial alignment
between histopathology images and molecular signals. Misalignment
can arise from section deformation or tissue cutting offsets [153, 154],
while batch effects and differences in sample preparation can further
obscure biological signals or introduce spurious correlations. In some
cases, even conventional library-size normalization may impair spa-
tial domain identification [155].

Addressing these issues requires progress in data integration and
standardization. Larger and more balanced datasets [99, 100] are
needed to reduce distributional bias, while unified preprocessing and
analysis pipelines [156, 157], including cross-platform standardization
and batch-effect correction, are essential for comparability across
sources.

Fair and reproducible pipeline

Existing studies still lack unified and fair training-validation protocols.
First, data partitioning is inconsistent. Many works use leave-one-
section-out [16, 128] or slide-level random splits [47, 50], which often
place highly correlated samples from the same patient or tissue in
both training and test sets, causing information leakage and inflated
performance. In contrast, patient- or center-level splits better reflect
clinically meaningful external generalization [14].

Second, most methods are evaluated on only a single dataset, with
limited cross-dataset and cross-platform testing [50]. As a result,
robustness to distribution shift, batch effects, and experimental
variation remains unclear. In addition, differences in test-gene sets
and preprocessing pipelines, including gene selection, normalization,

Briefings in Bioinformatics, 2026, Vol. 27, Issue3 | 13

and quality control, can affect reported metrics and distort fair
comparison.

Recent efforts have begun to establish more equitable and
reproducible evaluation frameworks [134]. Larger cross-cohort
benchmarks [99, 100], together with standardized partition schemes,
gene selection, and preprocessing, are needed to avoid performance
artifacts caused by split and pipeline choices. At the same time,
open-sourcing code and weights, fixing dependencies and random
seeds, and providing one-click evaluation pipelines will improve
reproducibility and transparency. In this way, vision-driven ST
research can move beyond “works on this dataset” toward cross-
dataset, cross-platform, and deployment-ready standards.

Towards robust evaluation

Current evaluation protocols remain a major bottleneck in vision-
based ST prediction. Most studies still rely mainly on numerical error
metrics such as MSE and MAE, which primarily reflect curve-fitting
ability but provide limited insight into whether a model captures
biologically meaningful spatial patterns or gene-specific morphol-
ogy-molecule associations. Emerging XAI evidence suggests that a
model may achieve strong numerical performance while behaving
largely as a generic tissue-region scorer rather than a true interpreter
of molecularly relevant histomorphology. In addition, correlation-
based metrics such as PCC also have important limitations, as they
can become unstable in highly sparse data [73] or under mean-
like prediction behavior [68], thereby misrepresenting actual model
quality.

Future evaluation should move toward standardization. Beyond
conventional regression metrics, benchmarks should incorporate
spatial and biological criteria, such as marker—gene recovery, spatial
pattern preservation, and region-level consistency, to better reflect
biological interpretability and fidelity. More importantly, mechanism-
oriented metrics are needed to assess whether models recover
biologically meaningful structure, including pathway-level recovery
and disease-relevant marker detectability. Such a framework would
shift evaluation from numerical fit alone toward biological validity,
enabling a more faithful assessment of model value for interpretation
and clinical translation.

Applications and potential learning strategies

Existing vision-driven ST studies most still focus on foundational tasks
and with limited progress toward clinical translation. Bridging basic
research and clinical practice, therefore, remains a key challenge [158,
159]. Moreover, the lack of a unified framework for multimodal inte-
gration hinders building more comprehensive tissue representations
[13]. With the emergence of large-scale standardized resources such
as HEST-1k [99] and STImage-1K4M [100], together with advances in
RL, and agentic Al, new opportunities are emerging. In this section,
we discuss three application directions and the learning strategies that
may support them.

Scaling generalization and data re-usability
A practical direction is to improve model applicability across institu-
tions, platforms, and cohorts. Early methods usually relied on a single
data source [8, 16], and their performance often dropped markedly
when transferred to different centers or experimental settings [160].
Addressing this issue will likely require combining large-scale cross-
organ and cross-platform pretraining [13, 84] with parameter-efficient
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adaptation strategies [115], where the former provides more diverse
tissue representations and the latter enables rapid adaptation to new
environments and technical platforms. Yet, cross-institutional analy-
sis still involves labor-intensive steps such as preprocessing, quality
control, and result integration.

LLM-based agentic systems [119, 120] offer a complementary solu-
tion by automating workflows through natural-language interaction,
potentially reducing the burden of large-scale multi-center analysis.
At the same time, the molecular inference capacity of H&E images
continues to expand, from transcriptomic prediction to spatial protein
biomarker inference [161, 162] and even population-scale virtual
tumor microenvironment modeling [163, 164]. This suggests thatlarge
pathology slide archives can be further mined for rich multi-omics
features without additional wet-lab assays, offering clear value for
retrospective studies and resource-limited settings.

Spatial molecular modeling under data limitation and
expertise constraints

Cross-institutional generalization addresses how existing data can be
better reused, but in many clinical settings the more fundamental
challenge is data scarcity. Rare diseases and small clinical subpopu-
lations remain difficult to study because task-specific, well-annotated
training data are limited. Emerging strategies are beginning to reduce
this dependence. Few-shot transfer learning allows FM to adapt from
limited annotations [165], parameter-efficient fine-tuning achieves
competitive performance by updating only a small fraction of param-
eters [115, 166], and zero-shot cross-modal generalization extends
transfer to molecular modalities not explicitly seen during training
[110]. Atthe same time, agentic systems may lower not the data barrier
but the expertise barrier. Through natural-language interaction, they
can help researchers without extensive computational backgrounds
perform end-to-end workflows, from data preprocessing to biolog-
ical interpretation [119, 123]. Together, these advances may make
biological questions once limited by cohort size or technical barriers
increasingly accessible to systematic study.

Intelligent and adaptive spatial omics data acquisition

The previous discussion focused on how to better use existing
data, but a more fundamental question is whether data acquisition
itself can be made more efficient. Conventional spatial omics
experiments usually follow a broad profiling paradigm, in which
tissues are comprehensively measured first and regions or genes
are selected only afterward for deeper analysis. This workflow is
resource-intensive and will become even more costly as higher-
resolution platforms continue to increase the expense of spatial omics
experiments.

The convergence of large-scale pretraining, RL, and agentic Al is
beginning to support an alternative paradigm. Screening before mea-
surement and targeting before profiling. Foundation models enable
prescreening of tissue sections before spatial molecular assays to iden-
tify high-value regions and candidate biomarkers [13, 112]. Reinforce-
ment learning provides a principled way to decide where and what to
measure under limited budgets [87, 116, 117], while agentic systems
may connect prescreening, decision-making, and interpretation into
an automated workflow [120, 123]. In this way, spatial omics are
moving from exhaustive measurement followed by post hoc selection
to targeted judgment.

Limitations

This review focuses on vision-driven models for ST published between
2020 and 2025. Although we aimed to cover the most representative
advances, our selection is inevitably limited by publication timing
and the availability of public evaluations, so some very recent or
insufficiently benchmarked studies may not be included. In addition,
both computer vision and ST are evolving rapidly, with new methods
and paradigms continually reshaping the field. Therefore, this arti-
cle should be regarded as a time-bounded overview rather than a
definitive account, and readers are encouraged to follow subsequent
studies, datasets, and emerging evidence to complement and update
its coverage.

Conclusion

In this survey, we systematically review representative advances
in vision-driven models for ST analysis from multiple perspectives,
including model architectures, learning paradigms, downstream
tasks, and data resources. Vision-driven ST has moved beyond
early regression-based methods toward multimodal and generative
frameworks, with applications expanding from gene expression
prediction and clustering to more complex tasks such as 3D
reconstruction. This trend reflects both methodological diversification
and growing practical potential. At the same time, the field still
faces major challenges, including the scarcity and heterogeneity of
high-quality datasets, the lack of standardized and fair evaluation
protocols, and limited cross-platform generalization. These issues
indicate that vision-driven ST remains in a stage of rapid development.
Looking ahead, further progress will require more efficient model
architectures, deeper multimodal integration, and larger high-quality
benchmark datasets. Overall, the evolution of vision-driven ST
represents an important frontier at the intersection of bioinformatics
and medical imaging, offering new opportunities to understand tissue
organization and disease mechanisms while bridging basic research
and clinical application.

Key Points

® This review provides the first comprehensive and systematic
overview of existing vision-driven spatial transcriptomics (ST) mod-
els, covering methodological foundations, core architectures, and
downstream applications in a structured and hierarchical manner.

* Key focus is placed on the taxonomy and comparative anal-
ysis of current models across different training paradigms
and real-world application scenarios, emphasizing their architec-
tural designs, training strategies, data requirements, and task
suitability.

® Given the growing complexity and diversity of vision-driven ST
frameworks, we establish clear connections among research direc-
tions and delineate how model evolution reflects shifts in compu-
tational and biological perspectives.

® We further discuss open challenges and future research direc-
tions in vision-driven spatial transcriptomics, highlighting key bot-
tlenecks, emerging trends, and potential avenues toward inter-
pretable, scalable, and multimodal integration frameworks.
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