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Background
SRT tech and data

[1]

SRT data

SRT Technology

Spatially Resolved Transcriptomics (SRT) is a cutting-
edge technique that provides biologists with rich 
insight into single-cell biology.

However, SRT data can be affected by 
biotechnological limitations (e.g., liquid phase 
diffusion) and operator-dependent variability, 
introducing significant noise that compromises 
downstream analyses.

SRT data consists of spot/cell spatial coordinates and 
an expression matrix (spots, genes), while the 
denoising of SRT data is to denoise the expression 
matrix.

1. Wang, H., Cheng, P., Wang, J. et al. Advances in spatial transcriptomics and its application in the musculoskeletal system. Bone Res 13, 54 (2025). https://doi.org/10.1038/s41413-025-00429-w



Background
Existing Methods

2023 Genome Biol.

2022 Nature Methods

Sprod:
Graph-regularized, 

spot-wise

2025 AAAI

DUSTED:
GNN-based, both spot-
and gene-wise features 

2024 Genome Med.

SEDR:
GNN-based, 

spot-wise

2025

scGPT-spatial:  
LM-based method

2025 ICML

SpotScape: 
GNN-based, 

spot-wise

2025 Genome Biol.

DeepGFT: 
GNN-based, both spot-
and gene-wise features 

2022 Nature Commun.

STAGATE: 
GNN-based, 

spot-wise

Smoother: 
Graph-regularized, 

spot-wise

GNN or Graph-regularized method, constructing graphs of spots or genes. 



Key Challenge
Challenges

1. Spurious similarity biases among spots;
Because of the narrow nature and staining-dependent variability of the histological images, incorporating 

histological images can amplify spurious similarity biases among spots; Despite this, directly discarding 
histological images would forfeit structural and morphological features that are often correlated with gene 
expression and that can provide useful priors for denoising

2. Insufficient capturing of gene relationships; 
Gene relationships extend beyond simple co-expression, and often involve nonlinear mechanisms like path 

sharing and structural domain sharing, rendering co-expression analysis alone insufficient for gene graph 
construction

3. Rough denoising granularity.
During graph fusion, using matrix-wise weighting enforces a single global weight across all entries of the 

expression matrix, which limits the model’s ability to adaptively denoise individual elements and thus 
potentially degrade denoising performance



Our Method
Framework: LMs-powered denoising 

To address these three challenges, we propose the Large Models (LMs)-powered Spatially 
Resolved Transcriptomics data Element-wise Denoising Framework, named SpaEF, which 
comprises three modules, namely 
Spot Graph Construction (SGC, with OmiCLIP LM to encode spots for challenge 1), 
Gene Graph Construction (GGC, with GenePT LM to encode genes for challenge 2), 
and Element-wise Graph Autoencoder (EGAE, with element-wise denoising for challenge 3).



Result
1. Masking recovery task on HOCWT

2. Spatial Domain Identification and Clustering on denoised DLPFC



Result

3. Spatial gene distribution on denoised HGBM and DLPFC



Result

4. Gene-protein & Gene-gene correlation on denoised HGBM and HDHBC

5. Ablation Studies


