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Spatial transcriptomics technologies profile gene expression across tissue sections while retaining 
spatial information, yet most platforms capture signals from multiple cells per measurement 
location, requiring computational methods to determine the underlying cellular composition. Current 
deconvolution approaches either depend on single-cell reference atlases—which may be unavailable 
for rare tissues or specific disease contexts—or employ unsupervised methods that struggle with 
complex spatial patterns and typically need manual specification of how many cell types to identify. 
We developed Attention-Guided Enhanced Deconvolution (AGED), a two-stage framework combining 
probabilistic modeling with neural attention architectures for reference-free analysis. The first stage 
uses a Performer-based network with linear-complexity attention to systematically evaluate models 
with different numbers of cell types, automatically selecting the optimal configuration through 
composite scoring of reconstruction quality, cluster separation, and topic diversity. The second stage, 
Attention-Guide, stars with hierarchical probabilistic initialization. It progressively refines cell type 
features through multiple attention mechanisms: cross-attention based on statistical priors, spatial 
attention aggregating neighborhood information, and collaborative attention capturing theme-gene 
associations. A dynamic gating mechanism enables the model to balance global statistical patterns 
with locally data-driven features, while regularization promotes sparse solutions consistent with 
biological reality—each position containing only a few dominant cell types. Testing on Mouse Olfactory 
Bulb (MOB) tissue, AGED automatically identified four anatomical structures and achieved superior 
reconstruction performance (r=0.86) with characteristic sparsity patterns. When similarly applied 
to human pancreatic ductal adenocarcinoma (PDAC) and human thymus tissue, it revealed detailed 
relationships between dissected structures and cell types. The learned cell type distributions aligned 
well with established neuroanatomical boundaries and known molecular markers, indicating the 
attention-based refinement maintains biological interpretability throughout training. This framework 
offers a practical solution for spatial transcriptomics analysis across diverse experimental systems 
without requiring matched single-cell data.
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Spatial transcriptomics technologies have revolutionized our ability to profile gene expression while preserving 
spatial context, enabling unprecedented insights into tissue architecture and cellular organization1,2. Platforms 
such as 10× Genomics Visium3, Slide-seq4, and MERFISH5 now routinely capture transcriptomic information at 
resolutions approaching single-cell scale. However, most current technologies measure gene expression at spatial 
locations that encompass multiple cells, necessitating computational deconvolution to infer cell composition 
within heterogeneous tissue regions6,7.

Existing deconvolution methods broadly fall into two categories. Reference-based approaches leverage single-
cell RNA sequencing (scRNA-seq) atlases to define cell type signatures and decompose spatial measurements 
as linear combinations of these references8–10. Methods including Cell2location11, RCTD12, Stereoscope13, 
SpatialDWLS14, and AdRoit15 have demonstrated success when comprehensive references are available. More 
recently, deep learning methods such as Tangram16 and DestVI(17 have shown promise by learning complex 
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mappings between modalities. However, these approaches face fundamental limitations: they require high-
quality matched scRNA-seq data, which may not exist for rare tissues or disease states18,19; batch effects between 
platforms can introduce systematic biases10; and reference atlases may fail to capture tissue-specific cell states7.

Reference-free methods offer an alternative by directly learning cellular composition from spatial data 
without external references. STdeconvolve employs latent Dirichlet allocation (LDA) to model spots as mixtures 
of cell types20, while matrix factorization approaches decompose expression matrices into interpretable basis 
vectors21,22. SpatialDE and SPARK identify spatially variable genes to guide decomposition23,24, and BayesSpace 
performs Bayesian clustering with spatial priors22. However, these methods struggle to capture nonlinear gene 
interactions and complex spatial dependencies inherent in tissue architecture1,25.

Deep learning has emerged as a powerful framework for spatial transcriptomics analysis, with transformer 
architectures proving particularly effective at modeling high-dimensional biological data26,27. Graph neural 
networks exploit spatial neighborhood structures28,29, while vision transformers have been adapted for spatial 
omics30. However, purely data-driven models require large training datasets and can overfit on moderate-sized 
samples typical of spatial experiments31. Furthermore, black-box approaches often lack the interpretability 
crucial for biological discovery32.

The integration of probabilistic priors with neural architectures represents a promising direction, combining 
interpretability of statistical models with representational power of deep learning33,34. Variational autoencoders 
have successfully incorporated priors for single-cell analysis35,36, yet no existing approach systematically integrates 
the global structure captured by topic models with local pattern recognition of attention mechanisms for spatial 
deconvolution. Moreover, determining the optimal number of cell types (K) remains a critical challenge, with 
most methods requiring manual specification or applying single metrics that provide conflicting signals37,38.

Here, we present a two-stage computational framework addressing these challenges. In the first stage, 
we employ a Performer-based architecture with FAVOR+ linear attention39 to efficiently evaluate candidate 
models across K values, integrating three complementary metrics into a composite selection criterion using 
knee detection. In the second stage, Attention-Guided initializes with hierarchical LDA priors and refines them 
through a sophisticated attention architecture comprising LDA-guided cross-attention, spatial neighborhood 
attention, and topic-gene co-attention modules. This design bridges global statistical structure of LDA with 
local feature learning of transformers through learnable gating mechanisms that dynamically balance prior 
knowledge and data-driven insights. We demonstrate that our framework achieves superior reconstruction 
accuracy, improved spatial coherence, and greater interpretability compared to existing reference-free methods.

Results
Overview of the Reference-free deconvolution framework
We developed a computational framework that integrates attention-based neural networks with probabilistic 
topic modeling for reference-free spatial transcriptomics deconvolution. The workflow comprises two sequential 
stages: (1) automatic determination of optimal cell type numbers via Performer model selection (Fig.1 Stage 1); 
(2) spatially aware deconvolution utilizing attention mechanisms guided by latent Dirichlet allocation (LDA) 
prior (Fig.2 Stage 2).

AGED captures cell type proportions and expression profiles within ST data from simulated 
data
We employed a Poisson sampling strategy for reference-free deconvolution of spatial transcriptomics data from 
the MOB, using simulated cell type proportion matrices as ground truth. The MOB data comprise four major 
anatomical layers organized from inner to outer based on H&E staining annotation: the granular cell layer 
(GCL), mitral cell layer (MCL), glomerular layer (GL), and outer nuclear layer (ONL) (Fig. 2a). We successfully 
reconstructed all four anatomical layers of the MOB using AGED (Fig. 2b). Visual inspection and validation 
using marker genes confirmed the accurate reconstruction of the spatial landscape (Fig. 2c). Performance 
validation against other reference-based40 deconvolution tools—Redeconve41, SPOTlight 42 and the reference-
free strategy STdeconvolve20—showed AGED accurately captures cell composition within spots (Fig. 2d). Figure 
2e shows the evolution of loss values during training with AGED. It can be observed that the KL divergence loss 
and total loss exhibit consistent changes in the early stages of training, indicating that the model relies on the 
probabilistic prior to establish an initial representation, while other loss terms have not yet been fully optimized. 
Furthermore, to validate AGED performance, we performed correlation analysis between ground truth data and 
AGED deconvolution results (Fig. 2f). achieving a maximum correlation of 0.86. However, without reference 
expression profiles, performance was less than ideal for cell types with low abundance in spatial transcriptomics 
data. Comparing box plots of RMSE against other tools, AGED outperformed mainstream deconvolution 
methods (RMSE = 0.182). Additionally, we conducted a systematic analysis to assess whether the attention 
mechanisms in AGED capture biologically meaningful patterns. The results indicate that the learned attention 
weights indeed reflect genuine biological structures rather than arbitrary computational artifacts (Supplementary 
Figure 1).

AGED accurately localizes tissue regions in human pancreatic ductal adenocarcinoma
We applied the AGED framework (Fig. 1) to a human pancreatic ductal adenocarcinoma (PDAC) spatial 
transcriptomics dataset (n=428 spots, m=25,753 genes), contain four regions annotated by histologists based 
on H&E staining: the tumor region, pancreatic region, ductal region, and stroma region43(Fig. 3a). Models 
were evaluated across K. A distinct inflection point emerged at K*=20 in the composite weighted scores, 
confirmed by maximum curvature analysis. This choice was validated by the observation that K=20 minimized 
the occurrence rate of rare themes (those with a global proportion <5%) while maintaining theme entropy 
values above 0.8×log(K). Visual inspection of spatial distributions confirmed that K=20 successfully captured 
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distinct anatomical regions without excessive fragmentation (Fig. 3b). Comparing the final spatial landscape 
with H&E sections and clusters derived from tissue segmentation reveals that captured anatomical regions align 
with histologist-annotated areas in H&E sections. Using AGED to project the three cell types in PDAC onto 
a spatial landscape aligns with the expression patterns of ground truth and corresponding marker genes (Fig. 
3c). Correlation analysis between deconvolutions and regions indicates that most cell types can be assigned to 
the correct tissue regions (Fig. 3d). The specificity scores between cell types obtained via AGED reference-free 
deconvolution and four tissue regions (Fig. 3e). Finally, we found that when evaluating performance using the 
structural similarity index (SSIM) to measure the discrepancy between deconvolved data processed by other 
deconvolution tools and the clustering results, the AGED tool outperformed the others (SSIM = 0.564; Fig. 3f), 
while the highest SSIM value achieved by the other tools was only 0.502.

AGED can recognize the cellular boundaries between cTECs and mTECs in human thymus 
tissue
We applied AGED to thymus tissue, which includes: DN cells (CD4CD8), DP cells (CD4CD8), and SP cells 
(CD4CD8CD3 or CD8CD4CD3) are the predominant cell types involved in T cell differentiation. The DN cells 
included early DN cells (DN_early), DN blast cells (DN_blast), and DN thymocytes undergoing rearrangement 
(DN_re), and the DP cells consisted of the DP_blast and DP_re subsets. The subpopulations of SP cells include 
CD4 T cells, regulatory T cells (Treg), CD8 T cells, and CD8aa T cells44. H&E-stained sections clearly reveal 
distinct boundaries between cTECs and mTECs (Fig. 4a). We first applied reference-based deconvolution 
methods-CARD, SPOTlight, and Redeconve—and found only CARD could relatively clearly delineate cell 
boundaries (Fig. 4b). Applying AGED to ST data also accurately separated cell boundaries. However, when 
projecting cTECs and mTECs separately into space, we found that CARD did not identify these two cell 
types. By correlating reference-free deconvolution results with ground truth data, we determined CellType 
21 corresponds to mTECs and CellType 24 to cTECs. Similarly, spatial projections closely resemble both the 
deconvoluted results and structures observed in H&E sections. To bolster our findings, we further analyzed 
the relationship between the two cell types. By identifying marker genes for each, we preliminarily established 
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Fig. 1.  Overview of AGED. AGED takes as input a spatial transcriptomics (ST) gene counts matrix of spot 
(rows) by N genes(columns). A matrix of spatial coordinates for each of the D pixels can also be used for 
visualization. Stage 1. Performer-based architecture is employed to determine the optimal number of cell types 
K*. Each spot is processed independently: (a) Hierarchical LDA probability initialization for coarse-grained 
decomposition; (b) Fine-grained decomposition for further subdivision of each cluster; (c) Global refinement 
integration to generate the thematic distribution θ and gene reconstruction results. Stage 2. (a) The core 
architecture of AGED: gene embedding → Transformer encoder → spatial attention → theme-gene collaborative 
attention; (b) incorporating prior information into the probabilistic attention guidance module via cross-
attention and gating mechanisms, ultimately yielding sparse outputs θ (cell proportion), β (gene expression 
profile), and attention weights.
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a negative correlation between mTECs and cTECs. This is because the abundance of cTECs and mTECs plays a 
crucial role in the selection and regulation of T cell development. The abundance of cTECs and mTECs exhibits 
an opposite trend during the transition from the distal cortical zone to the medullary center. cTECs dominate 
in the cortical zone and rapidly decline at the M-C boundary, while mTEC numbers significantly increase in 
the medullary zone, thereby causing this phenomenon45,46. Based on this biological insight, we performed 
a Pearson correlation analysis (Fig. 4c). The results revealed that only the AGED output (Pearson = -0.401) 
approximated the negative correlation observed with marker genes. This finding conclusively demonstrates that 
AGED outperforms mainstream reference-based deconvolution tools in reference-free spatial transcriptomics.
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Fig. 2.  AGED Deconvolution of MOB Data. a. H&E staining of the olfactory bulb. b. The AGED displays four 
anatomical layers arranged from inner to outer: the ganglion cell layer (GCL), the middle cell layer (MCL), 
the ganglion cell layer (GL), and the outer ganglion cell layer (ONL). c. Expression levels of cell type-specific 
marker genes in the four structural types. d. The spatial scatter plot displays the cell type composition inferred 
at each spatial location using reference-based deconvolution methods and AGED. e. Loss Changes in the 
Training History of AGED. f. Correlation between cell types inferred by AGED and Ground Truth cell types. 
Color is scaled by the correlation value. g. RMSE of AGED and other deconvolution tools compared to Ground 
Truth.
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Discussion
We have developed a two-stage computational framework that addresses fundamental challenges in reference-
free spatial transcriptomics deconvolution by systematically integrating probabilistic topic modeling with 
hierarchical attention mechanisms. Our approach makes several methodological advances: automated selection 
of cell type number through performer, explicit incorporation of probabilistic priors into neural attention 
architectures, and hierarchical modeling of spatial dependencies at multiple scales. These innovations collectively 
enable more accurate, interpretable, and biologically meaningful deconvolution of spatial transcriptomics data 
without requiring external single-cell references.

A central contribution of our work lies in the principled integration of probabilistic-derived priors into deep 
learning frameworks. Traditional probabilistic models like LDA provide interpretable global structure but lack 
flexibility to capture complex nonlinear patterns, while purely data-driven neural networks offer representational 
power but require large datasets and risk overfitting34,47. Our probabilistic-guided attention mechanism bridges 
this gap by encoding probabilistic priors as learnable embeddings that participate in gradient optimization. 
The gating mechanism adaptively balances prior knowledge with data-driven features, allowing the model to 
rely on probabilistic guidance when data are noisy or ambiguous while learning to override priors when strong 
empirical evidence exists. This dynamic weighting represents a departure from fixed hyperparameter-based 
regularization common in existing methods.

The hierarchical Probabilistic initialization strategy further enhances this integration. By performing coarse-
to-fine decomposition before neural refinement, we provide the attention mechanism with structured starting 
points that reflect both major cell type categories and subtle subtype variations. This initialization proved crucial 
in our experiments, substantially accelerating convergence compared to random initialization or single-level 
LDA.

Determining optimal cell type numbers remains challenging in unsupervised deconvolution. Single metrics 
often conflict: perplexity favors complex models, silhouette scores prefer coarse partitions, and entropy may 
increase monotonically. Our multi-metric composite scoring recognizes that different measures capture 
complementary aspects—reconstruction accuracy, cluster separability, and topic diversity. The Performer 
architecture’s O (N log N) complexity makes systematic exploration of K-space computationally feasible.

Our hierarchical attention design explicitly models spatial structure at multiple scales. The spatial attention 
layer captures local correlation by aggregating information from K-nearest neighbors weighted by distance, 

H&E
a b

CellType 10

CellType 0

CellType 1

value

0.00
0.25
0.50
0.75
1.00 TM4SF1

0

0.25

0.5

0.75

1.0
Expression

MUC5B

CEL

Ductal centroacinar

Acinar cells

Cancer clone A

Ground Truth Cell Type AGEDc

−0.20

−0.23

0.78

−0.36

−0.13

−0.25

−0.28

0.81

−0.06

0.15

−0.06

−0.05

0.19

−0.08

−0.06

−0.05

−0.27

−0.20

−0.27

0.89

−0.06

0.15

−0.06

−0.05

0.11

0.43

−0.37

−0.26

−0.01

0.10

−0.06

−0.05

−0.06

0.15

−0.06

−0.05

0.44

−0.08

−0.20

−0.19

0.84

−0.28

−0.35

−0.23

0.19

−0.08

−0.06

−0.05

−0.32

−0.33

0.93

−0.26

−0.37

0.82

−0.35

−0.22

−0.06

0.15

−0.06

−0.05

−0.29

0.67

−0.29

−0.19

−0.01

0.10

−0.06

−0.05

−0.01

0.10

−0.06

−0.05

−0.06

0.15

−0.06

−0.05

−0.06

0.10

−0.06

0.01

***

* *** ***

*

*

* ***

*

*

*

***

*

***

*

**
duct epthelium

stroma

cancer

pancreatic

Cell
Ty

pe
 0

Cell
Ty

pe
 1

Cell
Ty

pe
_2

Cell
Ty

pe
 3

Cell
Ty

pe
 4

Cell
Ty

pe
 5

Cell
Ty

pe
 6

Cell
Ty

pe
 7

Cell
Ty

pe
 8

Cell
Ty

pe
 9

Cell
Ty

pe
 10

Cell
Ty

pe
 11

Cell
Ty

pe
_1

2

Cell
Ty

pe
 13

Cell
Ty

pe
 14

Cell
Ty

pe
 15

Cell
Ty

pe
 16

Cell
Ty

pe
 17

Cell
Ty

pe
 18

Cell
Ty

pe
 19

Correlation
Coefficient

−1.0

−0.5

0.0

0.5

1.0

Cell Type−Region Transcriptional Correlation

CellType 0

CellType 1

CellType 2

CellType 3

CellType 4

CellType 5

CellType 6

CellType 7

CellType 8

CellType 9

CellType 10

CellType 11

CellType 12

CellType 13

CellType 14

CellType 15

CellType 16

CellType 17

CellType 18

CellType 19

Tissue Region

C
el

l T
yp

e

Specificity

−2
−1
0
1
2

Cell Type Specificity Scores (log2 fold change)

Duct epthelium stroma cancer pancreatic

d e f
Region Cancer cells

Duct epithelium
Normal pancreatic
Interstitium

0.0

0.1

0.2

0.3

0.4

0.5

AGED

STdeco
nv

olv
e

Red
eco

nv
e

Spati
alD

W
LS

SS
IM

 (S
tr

uc
tu

ra
l S

im
ila

ri
ty

 In
de

x)

Fig. 3.  Analysis of AGED on PDAC Spatial Transcriptome Data. a, b. H&E staining of the PDAC (left) displays 
four regions (right) annotated from the original publication. Spatial Landscape of AGED Deconvolution 
(bottom). c. Spatial projections of the three major cell types in PDAC. Left, Ground truth projection. Middle, 
AGED projection. Right, Expression levels of cell type-specific marker genes. d. Correlation between cell types 
in AGED reference-free deconvoluted samples and four regions. e. Cell types and specificity scores for AGED 
reference-free deconvolution across four regions. f. Structural similarity between AGED and deconvolution 
tools and Ground Truth.
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consistent with the biological principle that adjacent tissue regions exhibit continuity in cellular composition, the 
topic-gene co-attention identifies distributed expression programs, and Probabilistic-guided attention provides 
global context. This contrasts with methods applying uniform smoothing—learned attention weights adapt to 
local tissue properties, preserving sharp boundaries while maintaining continuity in homogeneous regions.

Due to the structured sparsity inherent in biological tissues, each spatial location typically harbors 2-3 
dominant cell types48,49. Our framework reinforces this characteristic through complementary mechanisms: 
L1 regularization, top-k thresholding, and attention-based feature selection. Attention-guided sparsification 
simultaneously integrates local context and global structure, yielding interpretable decompositions where the 
number of active themes naturally fluctuates with tissue architecture. Compared to Probabilistic initialization, 
the trained β-matrix exhibits significantly enhanced enrichment effects and specificity for known markers, 
indicating genuine biological learning rather than noisy overfitting.
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Fig. 4.  Analysis of human thymus data. a. H&E staining of the Human Thymus. b. Spatial scatter pie charts 
show the cell type composition inferred at each spatial location by different deconvolution methods. The 
deconvolution methods compared include Redeconve, SPOTlight, STdeconvolve, and AGED. c. The negative 
correlation between cTEC and mTEC was verified using density plots to determine the effectiveness of each 
deconvolution tool. Using the correlation between marker genes of cTEC and mTEC as a benchmark, only 
AGED obtained negative correlations among the four deconvolutional.
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Aged also has several limitations. First, this method treats spatial coordinates as fixed values without 
accounting for technical variability in point localization. Second, despite its reference-free framework, selectively 
integrating local information such as labeled gene lists could further enhance its performance. Fourth, despite 
the efficiency gains from the Performer algorithm, processing ultra-large datasets still requires substantial GPU 
resources.

Future research may extend to other spatial omics modalities, explore ensemble attention mechanisms for 
joint spot modeling, and develop distributed training strategies for emerging ultra-high-resolution platforms. 
The success of Probabilistic -guided attention demonstrates that domain-specific probabilistic priors, when 
appropriately encoded, can significantly enhance neural network architecture performance in data-constrained 
biological applications.

Method
Aged workflow
For spatial transcriptomics data X ∈ R(n×m) comprising n spots and m genes, we employ a Performer-based 
architecture to determine the optimal cell type count K*. The independent processing workflow for each probe 
spot includes: (1) Hierarchical LDA probability initialization for coarse-grained decomposition; (2) Fine-
grained decomposition for further subdivision of each cluster; (3) Global refinement integration to generate the 
thematic distribution θ and gene reconstruction results. (Fig. 1 Stage 1). The second stage of deep refinement of 
attention guidance (Fig. 1 Stage 2) comprises: (1) the core architecture of AGED: gene embedding → Transformer 
encoder → spatial attention → theme-gene collaborative attention; (2) incorporating prior information into the 
probabilistic attention guidance module via cross-attention and gating mechanisms, ultimately yielding sparse 
outputs θ (cell proportion), β (gene expression profile), and attention weights.

For each candidate value K, we evaluate three metrics: perplexity (reconstruction quality), contour score 
(clustering separation), and topic entropy (diversity). By applying inflection point detection to the weighted 
composite score, we balance model complexity and representational power at the point of maximum curvature 
to select the optimal K* value.

Based on the K* value, we employ hierarchical LDA for initialization, obtaining the prior distributions 
θ_init ∈ R(n×K∗) and β_init ∈ R(K∗×m). For each gene locus, we select the top 200 most highly expressed 
genes and process them through a hierarchical attention encoder; (2) Guided cross-attention with learnable 
gating; (3) K-Nearest Neighbor(KNN)50 Spatial Attention; (4) Topic-Gene Collaborative Attention; (5) Three-
layer Transformer architecture (with 8 self-attention heads). Attention pooling mechanisms compress the 200 
gene sequences into a fixed 256-dimensional representation.

Two parallel generators produce the final output: θ generator (256→K*) generates sparse cell type proportions 
via thresholding, while β generator maintains learnable K∗ × m parameters for gene features. Training 
optimizes a multi-objective loss function:

	 L_total = αL_recon + βL_KL + γL_sparse + δL_distinct� (1)

where L_recon denotes Poisson negative log-likelihood between reconstructed and observed gene counts; 
L_KL measures Kullback-Leibler(KL) divergence from probabilistic priors with annealing weight decreasing 
from 1.0 to 0.1 over 50 epochs; L_sparse applies L1 regularization encouraging each spot to contain few 
dominant cell types; L_distinct enforces topic separation by minimizing MSE. The AdamW optimization 
algorithm (lr=5×10⁻4) was employed, incorporating cosine annealing and early stopping mechanisms (Fig. 1B). 
The training history on ST data revealed that Probabilistic guidance dominated during the initial training phase 
(first 30 epochs), while subsequently learned features took precedence, demonstrating the successful integration 
of prior knowledge with data-driven refinement. Data details (Supplementary Table 1).

Stage1 Hierarchical LDA
Probabilistic prior
Latent Dirichlet Allocation (LDA) is a classic probabilistic topic model originally developed for text analysis. 
Within the LDA framework, each document is modeled as a mixture distribution across multiple topics, where 
each topic represents a probability distribution over vocabulary. Specifically, LDA assumes that the document-
topic distribution θ follows a Dirichlet prior Dir (α), while the topic-word distribution β follows Dir (η). For 
each word w in document d, the generation process is: (1) sample a topic z from θ_d; (2) sample word w from 
the topic’s word distribution β_z.

Spatial transcriptomics analogy. We extend this framework to spatial transcriptomics data: each spatial spot 
is analogous to a “document,” gene expression serves as the “vocabulary,” and cell types correspond to “topics.” 
Under this correspondence:

θ ∈ R(n×K): Spot-cell type distribution matrix, where θ_ik denotes the proportion of cell type k in spot i.
β ∈ R(K×m): Cell Type-Gene Distribution Matrix, where β_kj denotes the expression profile of gene j in 

cell type k.
The observed gene expression matrix can be approximated as: X ≈ θβ.
This modeling assumes each spot contains a mixture of multiple cell types, each with characteristic gene 

expression patterns, aligning with the biological reality of tissue heterogeneity.
Standard LDA faces limitations when applying single-layer LDA directly to the entire dataset, presenting two 

issues: (1) susceptibility to local optima, especially when K is large; (2) difficulty in capturing hierarchical cell 
type structures (e.g., major categories and subtypes). To circumvent these issues, we employ a three hierarchical 
strategy:

Scientific Reports |         2026 16:8097 7| https://doi.org/10.1038/s41598-026-39703-0

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Step 1 (Coarse-grained clustering): First, perform LDA with a smaller number of themes 
K_coarse = max(3, K/3) to identify major cell clusters. This step uses batch learning (max_iter=100) to 
ensure convergence. The resulting θ_coarse matrix identifies the primary affiliation for each spot.

Step 2 (Fine-Grained Decomposition): For each coarse-grained topic t, select spots with topic weights >0.3 
(or top 30% if insufficient). Run LDA with K_fine = K/K_coarse topics on this subset. This achieves 
hierarchical topic discovery—first identifying broad categories, then subdividing subtypes within each category.

Step 3 (Global Integration): Finally, run LDA with K topics on the full dataset, using sparsity priors to 
encourage each spot to focus on a small number of cell types. This step integrates information from the first two 
phases, producing the final initializations θ_init and β_init.

Optimal topic number selection with performer
Given the characteristics of spatial transcriptomics data and practical considerations of computational efficiency, 
we employed a Performer-based topic model in the first phase to automatically determine the optimal number of 
cell types (K*) present within the tissue. Given spatial transcriptomics data X ∈ R(n×m), where n denotes the 
number of spots and m denotes genes, we independently process each spot through the following architecture:

Gene and spatial feature encoding. Raw gene expression vectors are first embedded into a 256-dimensional 
latent space via linear transformation, followed by batch normalization and application of the GELU activation 
function. Concurrently, spatial coordinates (x, y) undergo independent embedding at the same dimensionality. 
We integrate the learned two-dimensional position encodings to capture spatial relationships, generating an 
initial representation of shape [B, 1, 256], where B denotes the batch size and the sequence length is 1 (for single-
point processing).

Performer Attention Layers. Utilizing the FAVOR+ (Fast Attention Based on Orthogonal Random Features) 
algorithm, which approximates standard softmax attention with O (N log N) complexity instead of O(N2) 
complexity. Performer’s FAVOR+ algorithm offers an ingenious solution. Its core observation is that softmax 
attention can essentially be viewed as a kernel function:

	
softmax(qT k) = exp(qT k)∑

j
exp(qT kj)

∝ k(q, k)� (2)

Here, qT k is an n×n matrix, where n represents the sequence length (corresponding to the number of spots 
in the study). For typical spatial transcriptomics data, the number of spots ranges from thousands to tens of 
thousands. Direct computation of this matrix is impractical both in terms of memory and computational time. 
But if a feature mapping ϕ(·) can be found such that:

	 k(q, k) = exp(qT k) ≈ ϕ(q)T ϕ(k)� (3)

Attention computation can then be restructured. FAVOR+ employs orthogonal random features:

	
ϕ(x) = 1√

m
exp(−∥ x∥2

2 )[exp(ω1
T x), . . . , exp(ωm

T x)]T � (4)

Among these, {wi}m
i=1 are random vectors sampled from N(0, Id) and subsequently orthogonalized, where m 

denotes the number of random features (typically chosen as m = O(dlogd)).
With this approximation, attention can be written as:

	 Attention(Q, K, V ) ≈
∧
D

−1
(ϕ(Q)(ϕ(K)T V ))� (5)

Here, 
∧
D= diag(ϕ(Q)(ϕ(K)T 1n)) is the normalization factor.

The key lies in the order of computation: first compute ϕ(K)T V  ((complexity O(nmd)), then multiply 
by ϕ(Q), rather than first calculating ϕ(Q)(ϕ(K)T . This reduces the complexity from O(n2d) to O(nmd). 
Significant acceleration is achieved when m ≪ n.

Each layer contains 8 attention heads, each with a dimension of 32. The 256-dimensional hidden state 
undergoes multi-head self-attention processing, followed by a positional feedforward network with residual 
connections and layer normalization. This architecture maintains a constant dimension [B, 1, 256] across all layers. 
We chose Performer due to its excellent scalability, enabling processing of large-scale spatial transcriptomics 
datasets (>10,000 spots) where standard Transformers encounter memory overflow. Additionally, training a 
12-layer Performer takes approximately 30-40% of the time required for a standard Transformer of comparable 
scale. This efficiency stems from the need to evaluate multiple K values when selecting the optimal number of 
cell types, necessitating training multiple models within the K parameter range. Performer’s efficiency enables 
this process to be completed within a reasonable timeframe.

Dual prediction heads
The final Performer layer outputs two parallel prediction heads: (1) The topic prediction head employs a GELU 
activation function and dropout for dimensionality reduction (256→128→K), followed by softmax normalization 
to generate the topic probability distribution θ ∈ R(B×1×K); (2) The gene reconstruction head restores the 
original gene expression space through feature expansion (256→512→m).
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Multi-metric model selection
For each candidate K value within the defined range, we train the full model and evaluate three complementary 
metrics: (i) Perplexity, calculated via the MSE index between reconstructed and observed gene expression; 
(ii) Profiling coefficient, measuring clustering separation quality; (iii) Topic entropy, assessing learned topic 
diversity. The optimal K* value is determined by applying inflection point detection with maximized linear 
descent deviation on the composite score curve.

Stage 2 attention-guided reference-free deconvolution
Deconvolution is performed via a hierarchical attention architecture, which utilizes probabilistic prior 
initialization and employs a selected K* number of themes.

Probabilistic Initialization. We first apply a hierarchical latent Dirichlet allocation with K* topics to 
obtain initial estimates of the topic-spot distribution θ_init ∈ R(n×K∗) and the topic-gene distribution 
β_init ∈ R(K∗×m). This initialization serves a dual purpose: providing reasonable starting values and 
supplying a prior distribution for regularization.

Sequence Construction. To enhance computational efficiency, we select the top 200 highly expressed genes 
for each spot based on their count values and construct fixed-length gene index sequences. This generates input 
data in the form of gene indices paired with corresponding count values, with a shape of [B, 200].

Multi-scale Attention Encoder. This encoder comprises five sequentially arranged attention modules: (a) 
Gene Embedding Layer, Converts the gene index into a 256-dimensional embedding vector. It enhances the 
representation by performing expression-weighted attention calculations on log-transformed count values 
through two network layers (1→64→256), generating a representation vector [B, 200, 256]. (b) Probabilistic-guided 
attention, by infusing prior knowledge through LDA, we establish a connection between the probabilistic model 
framework and neural networks. The topic structure (θ and β) learned across the entire dataset via variational 
inference contains valuable global statistical information: which genes tend to co-express (column patterns in 
the β matrix) and the distribution patterns of cell types among spots (row patterns in the θ matrix). The core 
idea of Probabilistic-guided attention is to explicitly inject this prior knowledge into the attention computation, 
enabling the neural network to learn from an “informed starting point” rather than blindly exploring high-
dimensional parameter space. Since LDA outputs θ and β as discrete probability distributions while neural 
networks operate on continuous vector representations, we need to establish a mapping: Prob (topic | spot, 
gene) → Embedding ∈ Rd. This bridge is achieved through a parameterized embedding layer, translating LDA’s 
probabilistic semantics into differentiable vector representations that can participate in gradient optimization. 
Input features are projected linearly to generate the query vector Q, representing what information the current 
spot seeks based on feature representations learned from the neural network’s earlier layers. The Key and Value 
come from LDA embeddings. Unlike self-attention, K and V are not generated from the current features but 
extracted from pre-initialized LDA embeddings. This design ensures each spot queries a fixed set of K global 
topics rather than other spots’ features. This forces the model to learn “spot-topic associations” instead of arbitrary 
inter-spot dependencies. (c) Spatial Attention Module, encodes pairwise distances between spots using a three-
layer network (1→64→128→256), followed by multi-head attention (4 heads) based on K-nearest neighbors to 
aggregate neighborhood information. (d) Topic-Gene Collaborative Attention Layer, facilitates bidirectional 
information flow between topic and gene representations through a two-way attention mechanism, enabling 
topic-aware gene selection. (e) Transformer Encoder Module, employs three standard Transformer layers with 
8-head self-attention and feedforward expansion (256→1024→256), maintaining dimensions [B, 200, 256].

Attention pooling
To compress variable-length gene sequences into a fixed representation, we employ learned attention pooling: 
Attention scores are computed through a two-layer network (256→128→1), normalized via softmax, and 
weighted-summed to generate a [B, 256] vector.

θ Generator: A three-layer network (256→2K*→K*) with ReLU activation generates unnormalized topic log-
likelihood values. We apply temperature-scaled softmax with a learnable temperature parameter, followed by 
thresholding the top k terms to enforce sparsity, yielding the proportion θ ∈ R(B×K∗).

β Generator: Maintains a learnable parameter matrix of shape [K∗, m], initialized close to LDA’s β_init. 
After softmax normalization, it directly represents each topic’s gene expression features.

Metric for selecting the optimal cell type
a. Perplexity Score

	
P erplexity(K) =

(
exp 1

nm

∑n

i=1

∑m

j=1
(Xij−

∧
Xij)

2)
� (6)

Where,Xij  is observed gene expression for spot i, gene j. 
∧
Xij = (θβ)ij  is reconstructed expression from topic 

model. n is number of spots, m is number of genes.
b. Silhouette Score
For each spot i:

	
s(i) = b(i) − a(i)

max {a(i), b(i)} � (7)
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where, a(i) denotes the average distance between spots within the same cluster, while b(i) represents the average 
distance to the nearest spot in a different cluster.

Overall Silhouette Score:

	
Ssilhouette(K) = 1

n

∑n

i=1
s(i)� (8)

c. Topic Entropy
Average topic distribution across all spots:

	
θk = 1

n

∑n

i=1
θik � (9)

where θik  ​ is the proportion of topic k in spot i.
Next, calculate Shannon entropy:

	
H(K) = −

∑K

k=1
θklogθk � (10)

Finally, the theme entropy is obtained:

	
Sentropy(K) = H(K)

logK
� (11)

Conclusion
We propose a computational framework, AGED, that advances spatial transcriptomics deconvolution by 
fundamentally integrating probabilistic topic modeling with hierarchical attention mechanisms. This approach 
embeds probabilistic prior information into learnable neural network components and automates model 
selection through composite metrics, demonstrating superior accuracy and interpretability compared to existing 
reference-free methods. The framework’s modular design ensures broad applicability across diverse spatial omics 
platforms and tissue types. Performance validation on MOB, PDAC, and Thymus datasets demonstrates that 
AGED accurately reconstructs spatial landscapes without reference expression profiles, exhibiting high similarity 
to H&E tissue sections and outperforming some mainstream reference-based deconvolution tools in accuracy. 
Notably, its performance on thymus data is remarkable: AGED not only successfully identifies cell boundaries 
but also identifies a negative correlation between cTECs and mTECs through correlation assignment—result 
unattainable by other reference-based tools. To evaluate the contribution of each attention mechanism to overall 
performance, we conducted ablation experiments. Experimental details are provided in Supplementary Figure 
2. To demonstrate the applicability of AGED across different resolution platforms, we applied AGED to single-
cell resolution MERFISH data from the mouse medial prefrontal cortex and organogenesis seqFISH+ data from 
mouse organs. We evaluated the deconvolution results using Ground Truth with the Adjusted Rand Index (ARI) 
and purity metrics. AGED demonstrated outstanding performance on both datasets (Supplementary Figure 3).

Data availability
This study made use of publicly available datasets. These include the MOB dataset ​(​​​h​t​t​p​:​/​/​w​w​w​.​s​p​a​t​i​a​l​t​r​a​n​s​c​r​i​p​t​
o​m​i​c​s​r​e​s​e​a​r​c​h​.​o​r​g​​​​​)​, human PDAC dataset (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​1​1​1​6​7​2), 
Human Thymus dataset spatial transcriptomics data obtained from (​h​t​t​p​s​:​​​/​​/​w​w​​w​.​n​a​t​u​r​​e​.​c​​o​m​​/​a​r​t​i​c​​l​​e​s​/​s​​4​1​​4​6​7​-​​​0​
2​4​-​5​​​1​7​​6​7​-​y​​#​d​a​t​a​-​a​v​a​i​l​a​b​i​l​i​t​y).

Code availability
AGED is available as an open-source Python software package with the source code available as Supplemental 
Software and on GitHub at https://github.com/njjyxl/AGED.
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