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Abstract

The advent of Spatial Transcriptomics (ST) has revolution-
ized understanding of tissue architecture by creating high-
resolution maps of gene expression patterns. However, the
low capture rate of ST leads to significant sparsity. The aim
of imputation is to recover biological signals by imputing the
dropouts in ST data to approximate the true expression val-
ues. In this paper, we introduce a Spatial Gene Expression Im-
putation Diffusion model to facilitate ST data imputation, and
our model is referred to as SpotDiff. Specifically, we incorpo-
rate a spot-gene prompt learning module to capture the asso-
ciation between spots and genes. Further, SpotDiff integrates
single-cell RNA sequencing data to impute gene expression
at each spot. The proposed approach is able to reduce the un-
certainty in the imputation process, since the aggregation of
multiple single-cell measurements yield a stable representa-
tion of the corresponding spot expression profile. Extensive
experiments have been performed to demonstrate that SpotD-
iff outperforms existing imputation methods across multiple
benchmarks in terms of yielding more accurate and biologi-
cally relevant gene expression profiles, particularly in highly
sparse scenarios.

Introduction
The emergence of spatial transcriptomics (ST) has revolu-
tionized our understanding of gene expression by reveal-
ing its spatial organization within tissues (Marx 2021; Yuan
et al. 2024). This technology preserves the spatial context
of gene expression data, offering crucial insights into cellu-
lar micro environments and tissue architecture. Nonetheless,
the low capture rate of ST data frequently result in data spar-
sity, presenting substantial challenges to accurate imputation
tasks (Li et al. 2024a; Qiao and Huang 2024). A significant
challenge in these imputation tasks is the lack of true corre-
sponding data, complicating the recovery of biological sig-
nals by imputing the dropouts in ST data to approximate the
true gene expression profiles.

In recent years, generative models have made remark-
able strides across various domains (Karras, Laine, and Aila
2019; Gao et al. 2023; Sargsyan et al. 2023). Models such as
Generative Adversarial Networks (Goodfellow et al. 2014),
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Figure 1: Schematic representation of the imputation pro-
cess for ST data using (a) traditional models versus the (b)
proposed SpotDiff approach.

Variational Autoencoders (Kingma and Welling 2013), Dif-
fusion Models (Ho, Jain, and Abbeel 2020), Matrix Fac-
torization (MF) (Lan et al. 2024) and K-Nearest Neighbors
(KNN) (Luo 2022) have been applied to biological data im-
putation, aiming to generate realistic data that aligns with the
target distribution. By learning the complex distributions of
data, these generative models can partially recover missing
gene expression values (Hu et al. 2021; Bergenstråhle et al.
2022; Wang et al. 2023). However, they can only replicate
observed distributions and are unable to infer unobserved bi-
ological signals, which restricts their capacity to detect novel
or rare biological phenomena. Further, several methods at-
tempt to utilize single-cell RNA sequencing (scRNA-seq)
data for imputation, but these approaches encounter two pri-
mary challenges: scRNA-seq data is highly sparse, making
it an unreliable source for imputation; second, they often ne-
glect the potential advantages of incorporating multi-modal
data to enhance the imputation process. These methods typ-
ically rely on one modal data source and fail to fully exploit
the complementary between different data types. In Figure
1, we briefly contrast the traditional models of imputation
methods with the imputed multi-modal information aggre-
gated by SpotDiff.

In this paper, we propose a multi-modal conditional dif-
fusion model (SpotDiff) for the imputation of ST data. To
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accurately characterize multi-modal information within the
raw ST data, we incorporate a spot-gene prompt learning
module to capture the association between spots and genes.
Further, SpotDiff integrates scRNA-seq data to impute gene
expression at each spot, which reduces the uncertainty in
the imputation process. We utilized the DiT framework to
perform a progressively integrated fusion of conditions, re-
sulting in the final denoised imputed results. Experiments
demonstrate that SpotDiff significantly outperforms existing
imputation methods across various ST imputation bench-
marks at both single-cell and 10X resolutions, delivering
more accurate and biologically relevant spatial gene expres-
sion profiles. SpotDiff provides a novel approach to address-
ing the challenges of ST data imputation and offers a power-
ful tool for biological downstream analyses. The main con-
tributions of SpotDiff are as follows:

• We introduce a multi-modal conditional diffusion model
that incorporate a spot-gene prompt learning module to
capture the association between spots and genes.

• SpotDiff apply an integration strategy to mitigate the
adverse effects of scRNA-seq data sparsity, effectively
leveraging a substantial amount of data to impute gene
expression at each spot.

• SpotDiff outperforms existing imputation techniques on
multiple benchmarks, showcasing its superior perfor-
mance in biological downstream analyses.

Related Work
Early Biological Data Imputation Methods
Biological data often suffer from missing values due to ex-
perimental limitations and technical errors. Various impu-
tation methods have been developed to address this issue,
each tailored to the unique challenges posed by different
types of biological data. Traditional statistical techniques,
such as mean imputation, k-nearest neighbors, and principal
component analysis, have been widely used due to their sim-
plicity and ease of implementation (Little and Rubin 2019;
Troyanskaya et al. 2001; Baghfalaki, Ganjali, and Berridge
2016). However, these methods often fail to capture the com-
plex, nonlinear relationships inherent in biological systems.
More advanced approaches, such as matrix factorization and
Bayesian methods, have shown improved performance by
leveraging the underlying structure of the data (Stekhoven
and Bühlmann 2012; Chen et al. 2020; Ou-Yang et al. 2022;
Gan, Vinci, and Allen 2022). Despite these advancements,
there remains a need for more sophisticated imputation tech-
niques that can accurately reconstruct missing values while
preserving the biological relevance of the data.

Imputation with Generative Models
Generative models have emerged as powerful tools for im-
putation in various domains. These models, such as Gen-
erative Adversarial Networks (GANs), Variational Autoen-
coders (VAEs) and Diffusion Models, can learn to gener-
ate realistic data samples by capturing the underlying data
distribution (Goodfellow et al. 2014; Kingma and Welling
2013; Ho, Jain, and Abbeel 2020). In the context of data

imputation, generative models offer a distinct advantage by
leveraging their ability to model complex, high-dimensional
data. Recent studies have demonstrated the efficacy of
GANs and VAEs in imputing missing values in biological
datasets, outperforming traditional imputation methods (Xu
et al. 2020; Si et al. 2023; Zhu et al. 2024). For instance,
Huang et al. introduced scGGAN, a Graph-based GAN im-
putation model that effectively handles missing data by in-
tegrating graph relationship and generating plausible values
conditioned on the observed data (Huang et al. 2023). Sim-
ilarly, deep learning-based approaches, such as Denoising
Autoencoders, have shown promise in reconstructing miss-
ing values in high-throughput sequencing data (Inoue 2024).
These advancements highlight the potential of generative
models to revolutionize data imputation in biology, provid-
ing more accurate and biologically meaningful results.

Spatial Transcriptomics Imputation Methods
Spatial transcriptomics is a cutting-edge technology that en-
ables the spatial mapping of gene expression within tissues,
offering unprecedented insights into cellular heterogeneity
and tissue architecture (Ståhl et al. 2016). However, the res-
olution of ST data is often limited by technical constraints,
resulting in sparse and incomplete datasets. To address this
challenge, various imputation methods have been developed
to enhance the resolution and completeness of ST data. Tra-
ditional imputation techniques, such as spatial smoothing
and interpolation, have been employed to fill in missing val-
ues by leveraging the spatial continuity of gene expression
(Svensson, Teichmann, and Stegle 2018). More recently,
spatially aware deep learning models have been proposed
to improve imputation accuracy (Hu et al. 2021; Bergen-
stråhle et al. 2022). For example, SpaFormer leverages the
power of transformers, a type of deep learning model de-
signed for natural language processing, to impute ST data.
By integrating the spatial location with positional encoding,
SpaFormer can effectively capture and model the spatial re-
lationships and gene expression patterns within tissues (Wen
et al. 2023). stMCDI combines the strengths of diffusion
models and graph neural networks to impute ST data. The
masked conditional diffusion model facilitates the prediction
of missing values by modeling the diffusion of gene expres-
sion signals across the tissue (Li et al. 2024b). Also, stDiff
leverages single-cell RNA-seq data to inform the imputation
of ST. This integrative approach allows for the preservation
of single-cell resolution while enhancing the spatial context,
leading to more accurate and biologically meaningful impu-
tations (Li et al. 2024a).

Methodology
Problem Definition
The problem of ST data imputation can be defined as fol-
lows: Given an ST data matrix, the goal is to generate an
imputed matrix that more closely approximates the true spa-
tial gene expression in ST data. Let the ST data matrix be
Xst ∈ Rc1×gst , where c1 denotes the number of spots or
cells (spots for 10X resolution, cells for single-cell reso-
lution), and gst denotes the number of genes in ST data.
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Figure 2: Overview of the SpotDiff architecture. The figure illustrates the architecture of the SpotDiff model, showcasing
its three key components. (a) The spot-gene prompt learning module leverages a T5 encoder to enhance feature extraction,
using spot templates and gene tokens to capture associations. (b) The proposed integration network reconstructs and integrates
scRNA-seq data into the target space of masked ST data. (c) The SpotDiff architecture combines scRNA-seq data and textual
modal data with masked ST data through integration network and cross-attention mechanisms.

To better simulate the missing parts of ST data due to var-
ious external factors, we apply random masking strategy
M(·, ϕ) to the ST data. Following the settings in references
(Li et al. 2024a,b), the masking threshold ϕ is set to 0.3,
obtaining Xmst = M(Xst, ϕ). Thus, our task can be repre-
sented as mapping the sparse matrix Xmst to the imputed
matrix X̂st. Additionally, SpotDiff incorporates the influ-
ence of scRNA-seq data on the imputation task, hence we
also define the corresponding scRNA-seq matrix, denoted
as Xrna ∈ Rc2×grna , where c2 represents the number of
cells and grna the number of genes. We compute the over-
lapping genes between the normalized and log-transformed
Xmst and Xrna, resulting in the updated masked ST data
Xmst ∈ Rc1×go and scRNA-seq data Xrna ∈ Rc2×go ,
where go denotes the number of overlapping genes between
the two datasets. The final imputation process can be suc-
cinctly expressed as X̂st = ψ(Xmst), where ψ represents
our imputation model, and X̂st denotes the imputed ST data.
Figure 2 shows the architecture of the proposed SpotDiff.

Spot-gene Prompt Learning
For the ST data imputation task, it is essential to establish
a textual description and association of spots and genes to
enhance the text-modal representations. We begin by con-
structing prompts for each masked ST spot data Xmst and
designing a template T for each spot:

T =
‘The spot has highest expression with [gene] [count], ...
[gene] [count] and non-zero lower expressed [gene]
[count], ..., [gene] [count]’.

(1)

We fill in the names of the n1 highest expressed genes and
the n2 lowest expressed genes other than non-zero genes of
each spot and their corresponding expression values into the
above template to form a descriptive statement of the spot
Tspot. The template we design enables the model to generate
a coherent narrative about the gene expression landscape of
each spot, facilitating textual-modal understanding of spa-
tial gene associations. By utilizing the T5 text encoder, we
convert spot descriptions Tspot into embeddings fspot. This
approach not only highlights high-expressing genes but also
incorporates lower-expressing genes, providing a compre-
hensive overview of gene expression within the tissue. To
further refine the model ability to discern local gene influ-
ences, we introduce gene name tokens Tgene that represent
the individual genes mentioned in the spot description. En-
coding these tokens allows us to capture localized expres-
sion patterns, ensuring that the model considers both global
spot characteristics and localized gene associations. By in-
putting these into the T5 encoder, we obtain gene token em-
beddings fgene.

We then design a spot-gene cross-attention mechanism
to consider the associations between local gene tokens and
the global spot description. By treating the global spot de-
scription as the query and the gene token embeddings as
keys and values, the model effectively integrates information
from both sources. The attention module can be formally ex-
pressed as follows:

Attn(Q,K, V ) = softmax
(
QKT

√
d

)
∗ V. (2)

Correspondingly, we have the operation of the spot-gene
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cross-attention module expressed as follows:

ftext = Attn(fspot, fgene, fgene), (3)

where ftext denotes the output of the cross-attention mod-
ule, and is also used as the condition for SpotDiff. The cor-
responding graphical description is shown in Figure 2 (a).

Integrating scRNA-seq Data from the Same Tissue
To fully recover the ST data and perform meaningful im-
putation, relying solely on raw ST data and corresponding
spot-gene description is insufficient. Generative models can
capture only the original data distribution, using the learned
target domain distribution to impute the missing values does
not yield meaningful imputation. Therefore, we propose in-
tegrating scRNA-seq data from the same tissue to impute
gene expression at each spot, facilitating a more compre-
hensive imputation of ST data.

ST data are sparse and lack true counterparts, making
imputation challenging. Therefore, we propose integrating
scRNA-seq data from the same tissue to accurately impute
gene expression at each spot. The original scRNA-seq data
can provide richer information in terms of sample size and
expression levels. By integrating a large volume of scRNA-
seq data, we can reduce the uncertainty associated with in-
dividual scRNA-seq measurements. Aggregating multiple
single-cell measurements yields a stable representation of
the corresponding spot expression profile. This approach
ensures that, when the quantity and expression levels of
scRNA-seq data are sufficiently high, we can obtain more
reliable expression information to facilitate the imputation
task. For the integration of scRNA-seq data, we propose
an integration network ω, designed to align and integrate
scRNA-seq data into the raw masked ST data. This process
can be expressed as X̃st = ω(Xrna). The integrated net-
work comprises a stacked 6-layer Unet-based architecture.

During the training phase, we explicitly consider the po-
sitional information of each ST spot. By analyzing the dis-
tances between spots, we can infer that nearby spots likely
share complementary expression profiles, while those far-
ther apart should exhibit distinct expression patterns. The
spatial awareness is crucial for the model to generalize and
accurately impute missing values. To enforce this spatial
context, we design a loss term that encourages complemen-
tary expressions for nearby spots while ensuring that the ex-
pressions of distant spots are differentiated. This spatially-
informed training strategy enhances the model capability to
generate biologically meaningful imputed data. We have the
loss term LLOC as follows:

LLOC = Ei,j,kω

[∥∥Xmsti −Xmstj

∥∥2

2
⊙ exp (∆i,j)

+ ∥Xmsti −Xmstk∥
2
2 ⊙ exp (∆i,k)

]
,

(4)

where ∆i,j =
d(i,j)
σ and ∆i,k = d(i,k)

σ represent the normal-
ized distance between spots i and j, k, with i and j denoting
two nearby spots and k representing a distant spot. Here,

d(i, j) and d(i, k) are the distances between the respective
spots, and σ is the distance decay coefficient. Lloc ensures
complementary expressions for nearby spots and pulls apart
the expressions of distant spots. At the same time, to make
the integrated target consistent with the ST data distribution,
we also apply MSE loss LMSE = Eω∥X̃st−Xmst∥22 in the
integration network ω. Further, to ensure that ω can capture
the correlation between integrated and true gene expression
profiles for each gene across all samples, we apply the gene-
wise Pearson loss:

LPEA = Eω[1−
1

n

n∑
j=1

Cov(X̃st,Xmst)

σX̃st
σXmst

], (5)

where Cov(·, ·) denotes the covariance and σ represents
the standard deviation. The integration network aligns the
two types of data, making subsequent similarity calculations
more reasonable, while leveraging the characteristics of in-
tegration to the scRNA-seq data according to the target do-
main ST. After obtaining the integrated ST data X̃st, we uti-
lize cosine similarity to identify the nearest spot:

CosSim(Xmst, X̃st) =
Xmst ⊙ X̃st

∥Xmst∥∥X̃st∥
. (6)

For each ST data point, we select the top N nearest
scRNA-seq data points based on their similarity. We then
perform a weighted fusion based on normalized similarity
to obtain the final nearest scRNA-seq data:

Xpair
rna =

N∑
n=1

wnX̃stn , (7)

where the weights wn for n = 1, . . . ,N are computed
based on the normalized similarities. In this manner, each
ST data point is augmented with the nearest scRNA-seq data
through a weighted fusion of the most similar scRNA-seq
data points. We designed a linear layer to reshape the inte-
grated data Xpair

rna to obtain integrated scRNA-seq features
frna = Linear(Xpair

rna ) so that they can be inserted into
the imputation model ψ as conditions. The corresponding
graphical description is shown in Figure 2 (b).

SpotDiff: Spatial Gene Expression Diffusion
Our final model is based on the diffusion model framework
of DiT. The diffusion model operates as a Markov chain that
progressively denoises data. Specifically, the forward pro-
cess gradually adds Gaussian noise to the data, while the
reverse process aims to reconstruct the original data by re-
moving this noise. Given the masked ST data X̃mst, dif-
fusion model ψ seeks to generate high-fidelity imputed ST
data X̂st. The diffusion process can be expressed as:

Xt =
√
ᾱtX0 +

√
1− ᾱtϵ, (8)

where ϵ ∼ N (0, I) is noise sampled from the standard nor-
mal distribution, ᾱt =

∏t
s=1 αs in which αs is a variance

schedule. The reverse process is parameterized by a neural
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Methods osmFISH FISH STARmap

PCC↑ SSIM↑ RMSE↓ COSSIM↑ PCC↑ SSIM↑ RMSE↓ COSSIM↑ PCC↑ SSIM↑ RMSE↓ COSSIM↑
gimVI 0.2011 0.0876 1.3071 0.3845 0.4984 0.3254 1.0045 0.8266 0.1854 0.0774 1.3102 0.3485
Tangram 0.2124 0.1120 1.3158 0.4011 0.4622 0.3785 1.0121 0.8260 0.2254 0.1254 1.2451 0.3815
GraphST 0.2354 0.1211 1.2741 0.4658 0.3432 0.1136 1.1262 0.8014 0.1754 0.0662 1.3220 0.3154
SpaFormer 0.3020 0.2421 1.1003 0.5721 0.5112 0.4325 0.8654 0.8654 0.2454 0.1316 1.2237 0.4657
stMDCI 0.2954 0.2444 1.1021 0.5845 0.5876 0.5012 0.7985 0.8741 0.2874 0.1884 1.1878 0.4951
stDiff 0.2775 0.2293 1.1902 0.5545 0.4109 0.3532 1.0084 0.8221 0.1754 0.0556 1.3500 0.2215
STEM 0.2745 0.2284 1.2015 0.5412 0.3874 0.2483 1.0842 0.6657 0.1984 0.0945 1.3025 0.3548
Ours 0.3721 0.3021 1.0442 0.6615 0.6215 0.5564 0.7548 0.8845 0.3215 0.2254 1.1584 0.5512

Methods MERFISH 10x BA 10x HBC

PCC↑ SSIM↑ RMSE↓ COSSIM↑ PCC↑ SSIM↑ RMSE↓ COSSIM↑ PCC↑ SSIM↑ RMSE↓ COSSIM↑
gimVI 0.2365 0.1245 1.3548 0.3025 0.1845 0.1121 1.2675 0.4571 0.1837 0.0532 1.2730 0.4161
Tangram 0.3421 0.2355 1.1335 0.4412 0.1847 0.0994 1.2841 0.4325 0.1829 0.0530 1.2736 0.4150
GraphST 0.2157 0.1025 1.3848 0.2215 0.1896 0.1021 1.2654 0.3845 0.1663 0.0044 1.2868 0.3938
SpaFormer 0.3325 0.2154 1.1669 0.4021 0.2401 0.1521 1.2330 0.4754 0.2100 0.1125 1.2665 0.4165
stMDCI 0.3412 0.2215 1.1284 0.4251 0.2311 0.1422 1.2366 0.4654 0.2244 0.1551 1.2886 0.4189
stDiff 0.2451 0.1185 1.2749 0.3256 0.1954 0.0658 1.2548 0.5142 0.2085 0.1201 1.2899 0.4088
STEM 0.1854 0.0854 1.4551 0.1884 0.1896 0.1021 1.2654 0.4687 0.1832 0.1685 1.2733 0.4156
Ours 0.3784 0.3548 1.0215 0.4851 0.2559 0.2215 1.1025 0.6651 0.2345 0.2025 1.1554 0.5012

Table 1: Quantitative results with competing methods in osmFISH, FISH, STARmap, MERFISH, 10x BA and 10x HBC. Best
results are boldfaced and second best results are underlined.

network ϵψ that predicts the added noise, and is trained to
minimize the denoising objective function:

LDIFF = Eϵ,tψ

[∥∥∥ϵ− ϵψ(Xt, t, ftext, frna, X̃mst)
∥∥∥2

2

]
. (9)

The conditioning information includes both the masked
ST data and the textual features ftext derived from the spot-
gene prompt learning module. During the training phase, the
model is trained on the noisy data Xt at various timestamps
t to predict the noise ϵ. In the integration network ω, we min-
imize the combined loss functions to ensure accurate spatial
integration and reconstruction of the ST data. For the im-
putation network ψ, the loss function is designed to capture
discrepancies between imputed and raw ST data. The two
networks are trained sequentially: first, the integration net-
work ω is trained, followed by the diffusion network ψ. The
formal expressions for minimizing the loss terms are as fol-
lows:

min
ω

LMSE + λ1LLOC + λ2LPEA,

min
ψ

LDIFF ,
(10)

where λ1 and λ2 denote the loss weight parameter. In sum-
mary, SpotDiff integrates multi-modal information, includ-
ing masked ST data, spot-gene textual data and integrated
scRNA-seq data, to achieve high-fidelity imputation of ST
data. By leveraging the strengths of each data modality,
SpotDiff demonstrates robust performance across diverse bi-
ological contexts.

Experiments
Datasets and Pre-processing
In this study, we utilized six distinct datasets to evaluate
the performance of imputation methods. They are osmFISH
(Codeluppi et al. 2018), FISH (Li et al. 2022), STARmap

Data Protocols Raw ST Data scRNA-seq Data Overlapped

(Tissue) Spots/Cells Genes Cells Genes Genes

osmFISH (Codeluppi et al. 2018)
(Somatosensory cortex) 3,405 33 5,613 30,527 33

FISH (Li et al. 2022)
(Embryo) 3,039 84 1,297 8,924 84

STARmap (Wang et al. 2018)
(Primary Visual Cortex) 1,549 1,020 14,249 34,041 996

MERFISH (Li et al. 2022)
(Primary Visual Cortex) 2,399 268 14,249 34,041 265

10x BA (Long et al. 2023)
(Brain Anterior) 2,695 32,285 116,921 22,764 1,099

10x HBC (Long et al. 2023)
(Human Breast Cancer) 3,798 3,6601 46,080 5,000 921

Table 2: Summary of imputation datasets with data protocol
(tissue), raw ST data, scRNA-seq data and overlapped genes.

(Wang et al. 2018), MERFISH (Li et al. 2022), 10x BA
(Long et al. 2023) and 10x HBC (Long et al. 2023). These
datasets encompass various tissues and organ types, each
with corresponding ST and scRNA-seq data. The details of
datasets are summarized in Table 2. To ensure data prepos-
sessing consistency, we applied a uniform data prepossess-
ing pipeline (Li et al. 2022) to all datasets. This included
log transformation and normalization of the gene expression
data. The overlapped genes were used as the basis for the ST
imputation training tasks. We further identified overlapping
genes between the ST and scRNA-seq data for each dataset.
The integration of scRNA-seq data with ST data allowed us
to leverage the high-resolution single-cell information to en-
hance the ST imputation accuracy.

Comparison Methods
We compare several state-of-the-art methods for ST imputa-
tion, specifically gimVI (Lopez et al. 2019), Tangram (Bian-
calani et al. 2021), GraphST (Long et al. 2023), SpaFormer
(Wen et al. 2023), stMDCI (Li et al. 2024b), stDiff (Li et al.
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Figure 3: Visualization of marker gene recovery for 10x BA and 10x HBC. The images illustrate the imputation results of
marker genes obtained using various models, compared to the ground truth.

2024a) and STEM (Hao et al. 2024). These methods have
been selected based on their recent advancements and rele-
vance in the high-related research field. In experiments, to
ensure a more comprehensive and fair comparison, we se-
lected five metrics to quantitatively analyze the final results:
Pearson Correlation Coefficient (PCC), Structural Similar-
ity Index (SSIM), Root Mean Square Error (RMSE), and
Cosine Similarity (COSSIM).

Quantitative Results Table 1 provides the quantitative re-
sults, where we measure the performance using several met-
rics. The results highlight the superiority of our method
across various datasets. Our method consistently outper-
forms the competing methods across all six datasets in
each metric, demonstrating the effectiveness of our ap-
proach. This highlights the importance of the innovative
conditions we have introduced for the imputation task. No-
tably, in the osmFISH dataset, our method achieves a PCC
of 0.3721, which significantly surpasses the second-best
method, SpaFormer with a PCC of 0.3020. These results un-
derscore the significant advancements our method brings to
ST imputation. Similarly, for the FISH dataset, our method
attains a PCC of 0.6215, outperforming the second-best
method, stMDCI which has a PCC of 0.5876. In other
datasets, our method surpasses other imputation methods in
all quantitative indicators.

Recovery of Marker Genes Further, we investigate
whether the imputation model can restore marker genes in a
biologically meaningful way. We randomly masking marker
genes and utilizing imputation models to impute the marker
genes based on the remaining data. As shown in Figure 3,
we present marker gene reference images for 10x BA and
10x HBC. SpotDiff excels in capturing the precise gene ex-
pression and spatial information, whereas other methods dis-
play a coarser grasp of gene expression patterns. Models
such as gimVI, STEM, GraphST, and Tangram exhibit bi-
ases in gene expression prediction, while SpaFormer, stDiff,
and stMDCI tend to overestimate gene expression, resulting
in generally higher count values. These findings highlight
the robustness of our method in recovering marker gene ex-
pression counts across various datasets.

Figure 4: UMAP plots of scRNA-seq data, raw ST data and
imputed ST data.

Methods frna ftext osmFISH FISH STARmap MERFISH

Baseline

0.2987 0.5124 0.2315 0.3025
✓ 0.3215 0.5651 0.2655 0.3315

✓ 0.3612 0.6055 0.3154 0.3644
✓ ✓ 0.3721 0.6215 0.3215 0.3784

Table 3: Ablation study for different combinations of frna
and ftext across various datasets.

Overall Distribution Matching To visually illustrate the
overall distribution matching between the imputed and raw
ST data, we generated UMAP plot in the STARmap dataset
for scRNA-seq data, real ST data, and imputed ST data. Fig-
ure 4 reveals a gap between the imputed results of gimVI,
Tangram, SpaFormer, and stMDCI compared to the real
data. In contrast, stDiff and SpotDiff exhibit results that are
more in line with expectations. However, stDiff still shows
some distribution shift for the primary ST distribution when
compared to SpotDiff. Therefore, SpotDiff demonstrates a
superior ability to accurately capture the overall distribution
of the existing raw ST data compared to other methods.

Ablation Study
We present an ablation study to evaluate the impact of com-
ponents in SpotDiff, as summarized in Table 3. Our focus
is on assessing the effects of incorporating frna and ftext
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Figure 5: Distribution visualization of gene expression for
‘knrl’, ‘twi’, and ‘fkh’ in the FISH dataset.

features, along with analyzing the influence of various loss
functions. The baseline model does not utilize these features,
serves as a reference point for comparison. The results indi-
cate that the inclusion of frna significantly enhances the im-
putation performance across all datasets. This improvement
highlights the importance of leveraging scRNA-seq data,
which captures detailed gene expression profiles at single-
cell resolution. Further, the addition of ftext features also
contributes to performance gains. These textual features pro-
vide contextual insights that enrich the model understanding
of gene associations.

The Impact of Key Components In Figure 5, we com-
pare the distribution of the top three marker genes ‘knr’,
‘twi’ and ‘fkh’ in the FISH dataset. The proposed spot-gene
prompt learning focuses on capturing the impact of signifi-
cant genes on imputation. By disabling ftext, SpotDiff fails
to capture the expression of significant genes effectively,
with intensity and abundance not reaching the levels of the
raw ST data. The peak regions of gene expression also do
not match the raw ST data. Further, we demonstrated the
importance of spot positional information in ST for imputa-
tion. Disabling LLOC results in shifts and instability in gene
expression counts, with several instances of bimodal expres-
sion observed in ‘knrl’ and ‘twi’. We also plotted the results
of the main comparison method stMDCI. SpotDiff provides
more precise capture of expressed genes, showing the clos-
est matching with the raw ST data distribution.

Integration Performance We further visualized the ac-
tual effects of the integrated network using the MERFISH
dataset. In the mouse cerebral cortex, glutamatergic neurons
are characterized by specific layered spatial locations (Bian-
calani et al. 2021). The spots include subtypes such as ‘L2/3
IT’, ‘L4’, ‘L5 PT’, and ‘L6 CT’. In Figure 6, we display
these subtypes, highlighting their distinct spatial positions
(marked by red dashed boxes). Meanwhile, the integrated
network ω in SpotDiff demonstrates the marker gene inte-
gration effects for each of the four subtypes. It is evident that
SpotDiff captures more spatial information about the marker
genes within the subtypes compared to the gold standard
integration model Tangram, showing superior expression in
the designated spatial locations.

Cell Population Identification
We utilize ST data with well-annotated cell types from Mop
(Zhang et al. 2021) to perform further clustering analyses.
The known cell types serve as a reference for clustering,

Figure 6: Integration Results in the MERFISH dataset.

Metrics Raw ST data gimVI Tangram stDiff stMDCI SpotDiff

ARI↑ 0.6404 0.6832 0.6732 0.7254 0.7022 0.7336
AMI↑ 0.8073 0.8038 0.7936 0.8345 0.7784 0.8440
NMI↑ 0.8097 0.8074 0.7972 0.8361 0.7841 0.8561

Table 4: Clustering metrics for raw ST data and imputed re-
sults in the Mop dataset using comparison methods.

and we employed three clustering metrics (ARI, AMI and
NMI) to evaluate the performance. The clustering results
from the raw ST data is obtained using Leiden clustering
(Traag, Waltman, and Van Eck 2019), serve as a baseline for
comparison. In Table 4, the results of gimVI and Tangram
show slight improvements over the raw ST data. In contrast,
stDiff, stMDCI, and SpotDiff significantly outperform the
baseline, with SpotDiff achieving the highest performance,
particularly excelling in cell population discovery.

Conclusion
In this paper, we address the critical need for biologically
meaningful ST imputation by incorporating the multi-modal
biological textual information. We further utilize an integra-
tion network for scRNA-seq data to impute gene expression
at each spot, which significantly reduce the uncertainty in
the imputation process. We demonstrate that the associations
between spots and genes within the ST data are crucial for
improving the imputation performance. Experiments indi-
cate that SpotDiff outperforms existing imputation methods
in quantitative results, while also achieving optimal recov-
ery of marker genes and matching the overall ST data dis-
tribution. Additional biological analyses further validate the
superiority of SpotDiff in cell population discovery.
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