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ABSTRACT

Spatial Transcriptomics (ST) allows a high-resolution measurement of RNA se-
quence abundance by systematically connecting cell morphology depicted in
Hematoxylin and Eosin (H&E) stained histology images to spatially resolved
gene expressions. ST is a time-consuming, expensive yet powerful experimen-
tal technique that provides new opportunities to understand cancer mechanisms
at a fine-grained molecular level, which is critical for uncovering new approaches
for disease diagnosis and treatments. Here, we present Stem (SpaTially resolved
gene Expression inference with diffusion Model), a novel computational tool that
leverages a conditional diffusion generative model to enable in silico gene expres-
sion inference from H&E stained images. Through better capturing the inherent
stochasticity and heterogeneity in ST data, Stem achieves state-of-the-art perfor-
mance on spatial gene expression prediction and generates biologically meaning-
ful gene profiles for new H&E stained images at test time. We evaluate the pro-
posed algorithm on datasets with various tissue sources and sequencing platforms,
where it demonstrates clear improvement over existing approaches. Stem gen-
erates high-fidelity gene expression predictions that share similar gene variation
levels as ground truth data, suggesting that our method preserves the underlying
biological heterogeneity. Our proposed pipeline opens up the possibility of ana-
lyzing existing, easily accessible H&E stained histology images from a genomics
point of view without physically performing gene expression profiling and em-
powers potential biological discovery from H&E stained histology images.
Code is available at: https://github.com/SichenZhu/Stem.

1 INTRODUCTION

Histology imaging of Hematoxylin and Eosin (H&E) stained tissues has been an important, long-
standing tool in biomedical research and clinical diagnosis. H&E stained histology images provide
rich information about the tissue composition and cell morphology at a cellular, microscopic level. In
recent years, the emergence of Spatial Transcriptomics (ST) technology has provided an opportunity
to deepen our understanding of these H&E images and tissue slides to a more fine-grained molecular
level. ST technology segments centimeter-size Whole Slide Images (WSIs) into hundreds of spots
with a micrometer-size diameter and generates gene expression profiling of the tissue within each
spot (Ståhl et al., 2016). ST has seen prominent applications in biomedical and clinical scenarios.
By connecting genomics information to cells’ spatial location within the tissue, ST captures the
underlying biological heterogeneity across various cells in different locations and reveals the cancer
microenvironment for better targets in treatment (Lewis et al., 2021; Williams et al., 2022).

While being a promising tool to explore potential relationships between cell morphology and gene
expression patterns, existing ST technology such as Visium (Ståhl et al., 2016) are less accessible
due to its substantial cost in time and experimental preparation work in wet labs. On the other hand,
H&E stained images are enriched in clinical settings due to their low cost and wide application.
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To leverage the abundant, easily accessible histology images and overcome the currently limited
accessibility of ST technology, one natural idea is to computationally infer gene expression pro-
�les from H&E images to explore subcellular information implicitly contained within H&E images.
Therefore, in the sequel, we try to ask and better address the following question:

Can we develop a machine learning tool to computationally infer spatially resolved gene
expression solely based on histology images?

Several previous works have attempted to tackle this challenge with various approaches. These
proposed methods approach the question from different perspectives, with some using only local
spot image patch to infer gene expressions (Xie et al., 2024; Yang et al., 2023; He et al., 2020; Min
et al., 2024), some making use of the spatial dependencies between image patches to enhance the
prediction (Zeng et al., 2022; Zhang et al., 2024; Pang et al., 2021), and some taking both the local
and global image information into consideration for better prediction (Chung et al., 2024; Wang
et al., 2024a). However, the central assumption in all these aforementioned works is that the gene
expression prediction can be treated as a (nonlinear) regression task between the (partial or whole
slide) histology image and the expression data, i.e., to �nd a deterministic prediction function that
takes in the histology images and outputs the predicted gene expressions.

This thought, while seemingly sound at �rst sight, has several inherent limitations. First of all,
existing methodologies often perform such regression by outputting averaged gene expressions of
spots in the training dataset with similar images as the test histology image. This requires comparing
the image embedding of the test histology image and all of the training datasets, suggesting that
the computational resources required for model inference are proportional to the reference training
dataset size. This scalability issue limits the utility of these approaches in realistic applications,
where the reference dataset is at scale. Secondly, gene expression prediction as a regression task
is intrinsically ill-posed. While the histology images contain a high level of information about the
paired gene expression data, it is unlikely that this information renders an injective mapping between
histology images and spatial transcriptomic data, not to mention the high level of noise and dropout
contained in the gene expressions. Therefore, starting from the problem formulation phase, we must
take the one-to-many scenario into consideration, i.e., similar histology images could correspond
to distinct gene expression pro�les due to biological heterogeneity. For example, even cells of
the same cell type might be in different cell states or differ in their gene expressions due to their
different spatial locations. Moreover, current model performance is often over-estimated due to an
overly simplistic evaluation framework based primarily on Pearson correlation. Such a metric fails to
re�ect how well the model captures the biological and spatial heterogeneity within their prediction.

In response to these challenges and limitations, we presentStem (SpaTially resolved gene
Expression inference with diffusionModel), a novel framework for inferring spatially resolved gene
expressions based on H&E stained histology images using conditional diffusion model.Stemtack-
les the question from a generative modeling perspective and learns a conditional distribution over the
potentially associated gene expression pro�les given the histology images, facilitating a one-to-many
correspondence between the image and the transcriptomics data.Stemadopts the framework of the
diffusion model (Ho et al., 2020; Song et al., 2020), which has showcased impressive capabilities in
learning complex and multimodal conditional distribution across various domains (Rombach et al.,
2022; Saharia et al., 2022). This strong power in conditional distribution modeling enablesStem
to capture both similarity and heterogeneity across different genes and locations, resulting in higher
prediction accuracy and robustness.Stem also leverages the recent great success of foundational
models in computational pathology (Chen et al., 2024; Lu et al., 2024), which produces general-
purpose embeddings for H&E stained histology images that implicitly contain information about
the paired gene expression pro�les of cells inside the images.Stem distills the image knowledge
from these foundation models by using pooled embedding vector as the condition to represent his-
tology images. This design saves the efforts of widely-used manual alignment between image and
gene embedding that is widely adopted in existing methodologies (Xie et al., 2024; Chung et al.,
2024; Yang et al., 2023). This design further reduces the computational cost in model training and
inference and enablesStemto perform accurate and robust inference of spatially resolved gene ex-
pression pro�les solely based on the image patch of a local spot. We evaluateStemon four publicly
available datasets from different tissue sources and sequencing platforms (kidney, Visium (Lake
et al., 2023) & breast, SpatialTranscriptomics (Andersson et al., 2021) & prostate, Visium (Erickson
et al., 2022) & mouse brain, Visium(Vicari et al., 2024)). Our proposed method demonstrates a re-
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Figure 1: Overview ofStem. The input training data forStem is ST datasets that contain both
H&E images and spot-wise gene expression pro�les. During training, gene counts and gene types
are separately embedded and combined to serve as the input into DiT blocks. Images are cropped
into 224� 224patches surrounding every spot and then tokenized via pathology foundation models.
Fused image tokens serve as the conditions and are input into every DiT block. After training, gene
expression output could be iteratively sampled conditioned on any input image patch.

markable state-of-the-art performance in the task of gene expression prediction and outperforms all
existing approaches in terms of conventional evaluation metrics such as Mean Squared Error (MSE),
Mean Absolute Error (MAE), and Pearson Correlation Coef�cient (PCC). Through a simple study,
we also show that PCC does not fairly evaluate the model's performance on this task since it ignores
the spatial heterogeneity across different locations. We follow a similar setup as Xie et al. (2024)
and de�ne a new Relative Variation Distance (RVD) by comparing the generated prediction's relative
and absolute gene variation with the ground truth data. A smaller gene variation distance suggests
a better-preserved biological heterogeneity in the predictions similar to the original data, making it
a better indicator for good predictions than PCC. Finally, we demonstrate thatStem produces bi-
ologically meaningful predictions by performing tissue structure annotations on unseen histology
images with predicted gene pro�les and compare with ground truth annotations provided by human
pathologists. We also carry out a detailed ablation study on modules in the design space to ensure
the algorithm's robustness.

To sum up, we have the following summarized contributions:

• We propose a novel algorithmStemto predict spatially resolved gene expression pro�les
associated with H&E stained histology images using conditional diffusion model. To our
best knowledge, this is the �rst generative modeling approach on this task.

• Stemintegrates histology image information by leveraging pooled embedding from com-
putational pathology foundation models and improves upon existing methodologies on re-
quired computational resources at test time.

• Stemachieves SOTA accuracy on multiple distinct datasets in terms of both standard met-
rics (MSE, MAE, PCC) and the newly proposed gene variation distance.Stem also suc-
ceeds in a dif�cult tissue structure annotation task by producing biologically meaningful
gene expression predictions that are well aligned with the ground truth.
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2 RELATED WORK

Machine Learning Prediction of Gene Expression from Histology Images The task of predict-
ing spatially resolved gene expression at a near single-cell resolution using patch-level H&E stained
images has been approached as a regression task by several works. The seminal work of ST-Net (He
et al., 2020) utilizes transfer learning to directly predict gene expression values from encoded his-
tology images starting from a pre-trained model on ImageNet. HisToGene (Pang et al., 2021) and
Hist2ST (Zeng et al., 2022) improve upon ST-Net by additionally introducing correlation among
different patches and spatial location information into the model. Taking a step further towards in-
cluding more information into the model, TRIPLEX (Chung et al., 2024) and M2ORT (Wang et al.,
2024a) integrate nonlocal, holistic information of the histology image with the local information by
extracting hierarchical, multi-resolution image features. In a different direction, BLEEP (Xie et al.,
2024) and EGN (Yang et al., 2023) attempt to enhance prediction accuracy by retrieving gene ex-
pression values from the training set that are most similar to the test histology image query. BLEEP
achieves this goal by aligning image and gene expression embedding through a CLIP-like contrastive
learning loss (Radford et al., 2021) while EGN adopts the path of exemplar learning. We remark
that while these mentioned approaches have shown promising performance on the gene expression
prediction task, their idea has deep roots in the regression framework, which potentially hinders
them from achieving more satisfactory results. Our proposed approach is inherently different from
all the works mentioned above by taking a different route through generative modeling.

Computational Pathology Foundation Models One of the central tasks in computational pathol-
ogy is to obtain general-purpose embedding of histology image patches that can be used for down-
stream tasks such as gene expression prediction, cell phenotyping, and prognosis prediction (Jaume
et al., 2024). Thanks to the abundance of histology images, powerful pathology foundation mod-
els have been trained on large-scale datasets (Ciga et al., 2022; Filiot et al., 2023; Vorontsov et al.,
2023; Xu et al., 2024; Huang et al., 2023; Chen et al., 2024; Lu et al., 2024) with unimodal or
multimodal self-supervised learning objectives, such as image-text contrastive learning (Radford
et al., 2021), image captioning (Yu et al., 2022), DINO (Oquab et al., 2023), etc. Through massive
pertaining, computational pathology foundation models implicitly learn to encode the tissue cell
morphology into embeddings with rich information. Since cell morphology largely determines cell
types, which further substantially affects the associated gene expression values, the embedding also
partially encodes gene-related information that is highly bene�cial for gene expression inference. In
this work, we mainly leverage two foundational models, UNI (Chen et al., 2024) and CONCH (Lu
et al., 2024) for extracting and aggregating histology image information. We also experiment with
large-scale foundation models such as Virchow & Virchow-2 (Vorontsov et al., 2023; Zimmermann
et al., 2024) and H-Optimus-0 (Saillard et al., 2024), which are trained with similar self-supervised
methods as UNI but using a larger vision encoder.

Diffusion Model for Multimodal data and Conditional Generation Diffusion models have
shown remarkable performance in multimodal generation through the power of conditional gen-
eration, such as text-to-image (Rombach et al., 2022; Saharia et al., 2022; Esser et al., 2024), text-
to-video (Singer et al., 2022; Ho et al., 2022), text-to-audio (Kreuk et al., 2022) and many more. One
central element of conditional diffusion models is the conditioning mechanism since it affects how
well information from different modalities fuses together. The �exibility in diffusion model design
space allows the introduction of conditioned data modality into the model in various ways, where
the cross-attention and modulation mechanisms are two mainstream approaches. For example, tak-
ing the literature of text-to-image diffusion model for demonstration, GLIDE (Nichol et al., 2021),
Imagen (Saharia et al., 2022) and Stable-Diffusion (Rombach et al., 2022) take the route of cross
attention and incorporates conditional information by attending the model to text condition embed-
ding extracted with either learned or pre-trained encoders. In a different vein, PGv3 (Liu et al.,
2024) recently introduced a new way to fuse information by performing joint attention between data
and conditions using KV concatenation. In this work, we are also faced with the need for a condi-
tioning mechanism to fuse the histology image information with the gene expression data. We select
the modulation approach with adaptive LayerNorm, the same module used in DiT (Peebles & Xie,
2023), since it's parameter-ef�cient and fast for inference.
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3 BACKGROUND

Diffusion Model Diffusion models have shown tremendous success in generating complex data
distribution, including numerous science applications such as protein design (Yim et al., 2023; Wat-
son et al., 2023), quantum science (Zhu et al., 2024a;b), single cell analysis (Luo et al., 2024),
chemistry (Duan et al., 2023) and neural science (Wang et al., 2024b). Before introducing our main
algorithm and architecture, we �rst review some basics of the diffusion model in the setting of dis-
crete time denoising diffusion (DDPMs) (Ho et al., 2020; Sohl-Dickstein et al., 2015).

Diffusion models are probabilistic models that are designed to learn data distributionpdata(x) from
samples. A diffusion model consists of two stochastic processes: forward noising and backward
denoising processes. First, the forward processq(x t jx0) is chosen to perturb the data distribution
pdata into a simple distributionqref. A common choice is to apply Gaussian noise to datax0 gradually
in T steps and turns it intopT � qref = N (0; I ): q(x t jx0) = N (x t ;

p
�� t x0; (1 � �� t )I ), where�� t

are constant hyperparamters. With the parameterization trick,x t can be sampled byx t =
p

�� t x0 +p
1 � �� t � t ; � t � N (0; I ).

The backward process reverts the forward noising process by iterative denoisingqref into pdata(x).
We parameterize the backward process asp� (x t � 1jx t ) = N (� � (x t ; t); � � (x t ; t)) , where neural
networks are used to predict the statistics of distribution from noisy datax t . p� (x t � 1jx t ) is learned
by maximizing the variational lower bound of the log-likelihood of true datax0, which reduces
to the minimization of following objectiveL (� ) =

P
t DKL

�
q(x t � 1jx t ; x0) jj p� (x t � 1jx t )

�
. Once

the diffusion modelp� is well trained, new data can be sampled by simulatingxT � N (0; I ) and
sampling iteratively fromx t � 1 � p� (x t � 1jx t ) for t = T; : : : ; 1.

Diffusion Conditional Generation Diffusion model is known to be a powerful conditional distri-
bution learner (Rombach et al., 2022; Saharia et al., 2022; Peebles & Xie, 2023; Chen et al., 2023)
and is capable of modeling distributions of the formpdata(xjy), wherey is additional information
such as class label, text, or histology images in our considered problem setting. This is enabled by
allowing the neural network to take the conditiony as an additional input:� � (x t ; t; y ). Notably,
the conditiony often enters the model through its latent vector representationhy . Therefore, diffu-
sion models implicitly learn a mappinghy ! pdata(xjy) and often succeed in extrapolating to novel
unseen conditions at inference time.

4 DIFFUSION GENERATIVE MODELING OF SPATIAL GENE EXPRESSION

Problem Set-up Let V 2 RL � L � 3 be a image patch of the H&E stained image, andX 2 RC be
the associated gene expression pro�le, whereL is the image patch size andC is the gene set size.
We aim to inferX when only the image patchV is given. Existing methodologies treat the task
as a regression problem and attempt to learn a deterministic functionf expr such thatX � f expr(V ).
However, while one histology image contains extensive information about the corresponding gene
pro�le, it is unlikely to uniquely determine the gene expression vector due to tissue heterogeneity
and uncertainty in the cellular microenvironment. This renders the mappingf expr between image
patchesV and gene expressionsX non-injective. To address this potential issue, we treat the spatial
gene expression prediction as a generative modeling task and aim to learn the conditional distribu-
tion of gene expression given the histology imageX � pgene(X jV ) from data sample pairs. This
framework generalizes over the deterministic regression approach by potentially allowing one-to-
many relationships between some image patchesV and gene expressionX . Note that when the
learnedpgene(X jV ) is a degenerate delta distribution, i.e.,pgene(X jV ) = � f expr(V ) (x), we recover
the deterministic regression setting. From now on, we focus on modeling the distribution of gene
expression vectors conditioned on the associated histology image.

Diffusion Generative Modeling of Gene Expressions We perform generative modeling of the
conditional distributionpgene(X jV ) with denoising diffusion model (DDPM). We choose the for-
ward processq(X t jX 0; V ) = N (X t ;

p
�� t X 0; (1 � �� t )I ), where�� t are constant computed from the

noise schedule hyperparameter� t as � t = 1 � � t ; �� t =
Q t

s=1 � s. We choose a linear noise
schedule� t = t

T � max + (1 � t
T )� min. We write the backward process asp� (X t � 1jX t ; V ) =

N (� � (X t ; V; t); � 2
t I ), where we �x the variance of the backward process to be untrained time de-
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Figure 2: Visualization of neural network architecture inStem. Histology Images are embedded into
tokens with pathology foundation models and then pooled into condition hidden vectors inStem.
Count values for each input gene is �rst scaled up by the gene count encoder and then combined
with a trainable gene type embedding matrix. The backbone ofStem follows the design of DiT
blocks and training scheme forStemfollows DDPM (see Sec 4 for more details).

pendent constants to simplify the diffusion design space, following the same practice as Ho et al.
(2020),� 2

t = 1� �� t � 1

1� �� t
� t . We parameterize� � (X t ; V; t) = 1p

� t
(X t � � tp

1� �� t
� � (X t ; V; t)) , where

� � (X t ; V; t) is a conditional noise prediction network that attempts to learn the noise� t contained in
X t given the histology image patchV . With this setting, the diffusion model can be trained with a
mean-squared error between the predicted noise� � (X t ; V; t) and the true Gaussian noise� t :

L � (� ) = Et;x t k� � (X t ; V; t) � � t k2
2

To improve training stability and avoid over�tting, we additionally augment the training dataset
through image transformation. We consider simple transformations that will not distort the image
quality and affect the embedding quality, such as rotations, �ipping, and transposing. We ablate over
the image augmentation technique in Sec. 5.3. Finally, to get a prediction for the gene expression
values frompgene(X jV ), we can build a statistical estimator using samples from this distribution.
At inference time, when given a new histology image, we generate multiple samples using this
histology image patch as condition and then take a sample mean over the generated gene expression
vector to get a single prediction value.

Multimodal Architecture Fusing Histology and Transcriptomics For a histology-conditional
sampling of the corresponding gene expression pro�les, our neural network model has to take both
modality, histology images and gene expressions, into account. We use pre-trained pathology foun-
dation models to derive suitable representations of histology image patches and design a special
encoder to embed the gene expression vector into a sequence of latent embeddings. An overview of
the architecture is presented in Fig.2.

Our architecture builds upon the Diffusion Transformer (DiT) architecture (Peebles & Xie, 2023)
as well as the recent advances in computational pathology foundation models. DiT was originally
designed for class conditional image generation and it uses a modulation mechanism to propagate
the effect of timesteps of the diffusion model and inputted conditions across all layers. Similarly,
we use the sinusoidal embedding of timestept and the latent embeddingchist of histology image
patches as the input to the modulation module. We distill knowledge from state-of-the-art pathology
foundation models such as UNI (Chen et al., 2024) and CONCH (Lu et al., 2024) through the
computation ofchist. We pass the histology image patch into foundation models to extract expressive
token-level embeddings and perform attention pooling to get a single latent vector that aggregates
the information of the image patch. We derivechist by linearly projecting the latent vector to our
desired model hidden dimension with an MLP.

To adapt DiT for our conditional gene expression generation task, we further remove the image-
relevant-only modules in DiT, such as the image patchi�er and unpatchi�er. We treat the gene
expression vectorX 2 RC as a sequence ofC tokens, with each token taking value inR. Since
X represents counts of different genes in the sample, we embed the count value and gene type
respectively and aggregate through summation to build a uni�ed embedding for each token. For the
embedding of thei -th token, letx i denote the count value for thei -th gene inX , 1 � i � C, andhi
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denote the embedding vector of thei -th token. We computehi as,

hi = hcount
i + htype

i

where the count value embeddinghcount
i = MLP( x i ) is computed by passingx i through an MLP.

The gene type embeddinghtype
i is a learnable embedding vector associated with the gene type of

token i . The embedding ofX together with the timestep embedding and histology condition is
then passed through a sequence of DiT transformer blocks. After the �nal DiT block, the sequence
of gene tokens is decoded into an output noise prediction. For more details on neural network
architecture, please refer to Appendix C.

5 EXPERIMENTAL RESULTS

In this section, we present numerical results on Kidney Visium dataset, HER2ST dataset, and abla-
tion studies on model hyperparameters and algorithm design choices. For additional results on other
datasets, please refer to Appendix D.

Evaluation metrics Our evaluation metrics include topk mean Pearson Correlation Coef�cient
(PCC) (denoted as PCC-k, calculated in the log-transformed space), mean absolute error (MAE),
mean square error (MSE), which have been widely used in evaluating the accuracy of gene expres-
sion prediction in the existing literature. MAE and MSE are calculated respectively using all genes
in the selected gene set in log-transformed space.

As is pointed out in Xie et al. (2024), one pitfall in prediction tasks is to output the mean value
with minimal variation or without meaningful variation that is faithful to the ground truth biological
heterogeneity. Also, in our exploration, we discovered that high PCC does not necessarily guarantee
meaningful and faithful predictions that align well with ground truth expression. In fact, we discov-
ered that PCC in log-transformed space would be surprisingly high if the prediction is simply the
mean expression across all genes in this spot. This encourages us to propose a new evaluation metric
that can better re�ect how well a prediction model captures the heterogeneity within the data. We
consider the following relative variation distance (RVD), calculated through:

RVD =
1
C

CX

i =1

(� 2;i
pred � � 2;i

gt )2

(� 2;i
gt )2

where� 2;i
pred is the variance of thei -th gene expression prediction across spots (predicted gene varia-

tion) and� 2;i
gt is the variance of the truei -th gene expression across spots (true gene variation). RVD

represents a weighted average of the magnitude of deviation of the predicted gene variation from
the true gene variation. RVD serves as a complementary metric to the current existing evaluation
system that can better �lter out false positive predictions created by solely focusing on PCC values.
Additionally, we plot the gene variation curve against the ground truth, see Appendix A for more
details.

5.1 KIDNEY V ISIUM DATASET

Dataset and Preprocessing We appliedStemto a dataset that contains 23 kidney tissue sections
from 22 individuals (Lake et al., 2023) covering three different health conditions (healthy reference
(Ref), Chronic Kidney Disease (CKD), and Acute Kidney Injury (AKI)) and two different tissue
types (cortex and medulla). Number of ST spots ranges from 315 to 4159 per slide. The gene pro�l-
ing is performed using 10x Genomics Visium platform, which is a mainstream spatial transcriptomic
sequencing platform that provides genomics pro�ling for a grid of spots with a diameter� 55�m
along the tissue slide. We log-transformed the gene expression following Jaume et al. (2024).

Experiment Setup An image patch of224 � 224 pixels is cropped centered around each spot.
Following a similar gene selection protocol in (He et al., 2020), we selected two gene sets, top
200 genes from the intersection of highly expressed (high mean) and highly variant (high variance)
genes (denoted as HMHVG) and top 200 genes from all highly variable genes ordered in mean
(denoted as HVG). Training, inference, and evaluation are performed in the log-transformed gene
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count space to mitigate the impact of genes with extremely high expression counts. Evaluation of
Stemis performed on the holdout slide, 20-0038 (AKI), which is randomly chosen from 23 slides.
For experiment results on other holdout slides, please see details in the Sec. 5.3.

Table 1: Results on Kidney Visium dataset, compared with HisToGene (Pang et al., 2021), BLEEP
(Xie et al., 2024), TRIPLEX (Chung et al., 2024). Higher values on PCC-10, PCC-50, PCC-200 are
better. Lower values on MAE, MSE, RVD are better.

HMHVG HVG

Model PCC-10" PCC-50" PCC-200" MAE# MSE# RVD# PCC-10" PCC-50" PCC-200" MAE# MSE# RVD#

HisToGene 0.4294 0.3503 0.0905 0.9298 1.4105 0.9962 0.4237 0.3296 0.0774 0.9776 1.5609 0.9965
BLEEP 0.4998 0.4221 0.3143 0.9451 1.5261 0.2170 0.4902 0.3953 0.2474 0.9931 1.7658 0.3293

TRIPLEX 0.4654 0.4105 0.3165 0.8969 1.3015 0.5871 0.4621 0.3997 0.2726 0.9962 1.4500 0.6984
Stem 0.5893 0.5332 0.4257 0.8792 1.3513 0.0751 0.5366 0.4699 0.3047 0.9763 1.7529 0.1325

Results As is shown in Table.1,Stemoutperforms existing methods in almost all evaluation met-
rics for both HMHVG and HVG. Low RVD values indicate thatStemalso preserves gene variations
in inference compared to ground truth variations and successfully retains biological heterogeneity
that resembles ground truth data. Since almost every slide in this dataset comes from a different pa-
tient with a distinct condition, the good performance indicates that our proposed approach is robust
under batch effect and technical variations from the experimental side, and can generalize well to
unseen histology images through predicting accurate gene expression values.

5.2 HER2STDATASET

Dataset and Preprocessing We also appliedStemto one breast cancer dataset, HER2ST (Ander-
sson et al., 2021), which is sequenced by SpatialTranscriptomics1 platform. This dataset includes
36 slices from 8 patients. From patient A-D, six tissue sections were collected with a distance of
32� m in between. From patient E-H, three consecutive tissue sections were taken for each patient.
Since intuitively it would be easier to infer gene expressions for consecutive slides if their neigh-
bors are included in the training data, we make the task more challenging by holding out B1 (which
does not have any neighboring consecutive slide), for test evaluation. Each slide contains normal
tissue regions and some of the slides contain in situ cancer or invasive cancer. The spot size for this
dataset is100� m in diameter and the total number of spots ranges from 176 to 712 per slide. We
log-transformed the gene expression following Jaume et al. (2024).

Experiment Setup An image patch of224 � 224 is cropped around each spot. For the gene
sets, we select top 300 HMHVG and 296 differentially expressed genes (DEGs), respectively, to
perform training and evaluation. In HER2ST, the �rst slide in every patient is manually annotated
by pathologists into 4 normal regions and 2 tumor regions. DEGs are selected following the standard
preprocessing pipeline usingScanpy(Wolf et al., 2018) and the union of DEGs across all 6 regions
from training slides are selected as features.

Table 2: Results on HER2ST dataset, compared with HisToGene(Pang et al., 2021), BLEEP(Xie
et al., 2024), TRIPLEX (Chung et al., 2024). Higher values on PCC-10, PCC-50, PCC-300 are
better. Lower values on MAE, MSE, RVD are better.

HMHVG DEG

Model PCC-10" PCC-50" PCC-300" MAE# MSE# RVD# PCC-10" PCC-50" PCC-300" MAE# MSE# RVD#

HisToGene 0.6812 0.6345 0.5250 0.9367 1.3468 10.3407 0.6816 0.6369 0.5112 0.8791 1.2627 9.7057
BLEEP 0.7727 0.7141 0.5652 0.8328 1.2428 0.6025 0.7711 0.7188 0.5518 0.7590 1.1297 0.6383

TRIPLEX 0.7907 0.7394 0.5766 0.9311 1.3456 0.6428 0.7919 0.7432 0.5709 0.8768 1.2887 0.6533
Stem 0.8298 0.7726 0.5984 0.7547 1.0742 0.0693 0.8365 0.7651 0.5748 0.6881 0.9631 0.0862

1In this paper, we use SpatialTranscriptomics platform to refer to one ST platform that was the �rst-ever
appearance of ST introduced in 2016 (St	ahl et al., 2016)

8



Published as a conference paper at ICLR 2025

Figure 3: Visualization of unsupervised clustering results and cancer biomarker genes.

Downstream Analysis of Unsupervised Tissue Structure Annotation As is shown in Table.2,
Stemagain surpassed all the existing methods across all evaluation metrics. Since we have valuable
human annotations for this dataset, we could perform downstream analysis to further evaluate the
model performance. Following the standard Leiden clustering pipeline inScanpy, we obtained
unsupervised clustering results based on the predicted 296 DEG expressions. Ideally, those genes
are differentially expressed between different tissue structure regions, thus their gene expression
pattern carries a certain level of information to distinguish different tissue regions. Fig.3 (1)c. and
(1)d. shows Leiden clustering results based onStem's prediction and BLEEP's prediction. Other
irrelevant cluster colors are suppressed and plotted as gray dots to better highlight the results. Leiden
clustering algorithm results in two distinct clusters based onStem's prediction. Those two distinct
clusters match the pathologist's annotation (Fig.3 (1)b.) for invasive cancer (red) and breast glands
(green). In BLEEP's clustering results, invasive cancer and breast gland regions are clustered into
the same group based on BLEEP's gene expression prediction. This illustrates thatStem's inference
accurately aligns with the ground truth biology. We also highlightedStem's prediction for two well-
known cancer markers, GNAS and FASN (He et al., 2020), and their ground truth expression level
in Fig.3. For visualization of other cell-type-speci�c marker genes identi�ed in Andersson et al.
(2021), see Appendix E. It's worth mentioning that both the gene expression pattern as well as the
scale of expression intensity (shown in the colorbar) match well betweenStem's prediction and
ground truth, which further demonstrates the power ofStem.

5.3 ABLATION STUDY

In this section, we perform an ablation study on the model hyperparameters and algorithm design
choices. We examine the following three factors in order: choices of pathology foundation model,
image augmentation ratio, and test slide health condition. In the following, we perform all the
experiments on the Kidney Visium dataset and use the HMHVG gene set. We set the default setting
to be: CONCH + UNI for the pathology foundation model,1 : 4 for image augmentation ratio, and
20-0038 (AKI) for the hold-out test slide. Unless further notice is given, we will keep the setting
the same as the default and only vary the ablated parameter for each ablation study. The best values
are marked inbold. We also perform additional ablation experiments on the scalability ofStemto
large gene sets, effects of generated samples and sample statistics, in�uence of pathology foundation
model size, and the representation power of histology image patch encoder. For more details on the
extra ablation experiments, please refer to Appendix B.

Choice of Foundation Models In this ablation experiment, we speci�cally choose not to augment
the training dataset with image augmentation techniques. We seek to compare the effects of founda-
tion models on algorithm performance by removing other potential in�uencing factors. We consider
the possible combination of CONCH (Lu et al., 2024) and UNI (Chen et al., 2024), which produces
embedding vectors of dimension512and1024for histology image patch of size224� 224respec-
tively. We evaluate the following three sets of choices: 1) CONCH only 2) UNI only 3) CONCH
+ UNI, and the evaluation result is in Table 3. Here, CONCH + UNI stands for using combined
features extracted by both UNI and CONCH through simple concatenation. The results suggest that
it works best to input the model combined histology image information of both foundation models.
This is reasonable and accords with our intuition since UNI and CONCH are trained with distinct
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self-supervised techniques, and thus are capable of extracting different types of features from the
same histology images. The combined embedding provides the neural network with richer informa-
tion than using UNI or CONCH alone and leads to better numerical performances.

Table 3: Results of ablation study on choice of pathology foundation model. Higher values on
PCC-10, PCC-50, PCC-200 are better. Lower values on MAE, MSE, RVD are better.

HMHVG

Foundation Model PCC-10" PCC-50" PCC-200" MAE# MSE# RVD#

CONCH 0.3662 0.3117 0.2254 1.0768 1.9952 0.0625
UNI 0.4690 0.4340 0.3288 0.9161 1.4588 0.1561

CONCH + UNI 0.4817 0.4359 0.3289 0.9135 1.4336 0.1016

Image Augmentation In this ablation experiment, we found that additional augmentation of the
training dataset by pairing each gene expression with a transformed version of the original histology
image could signi�cantly boost the algorithm's performance. We randomly transform the histology
image with the following7 transformations: horizontal �ip, vertical �ip, 90-degree rotation, 180-
degree rotation, 270-degree rotation, transpose, and transverse. We select these transformations
since they do not distort the histology images and cause information loss.

We varied the size ratio between the original dataset and the synthetically augmented dataset in
increasing order from 2:1 to 1:4. The evaluation result is in Table 4. We see that the algorithm
bene�ts from having more synthetically augmented training data, although the gain quickly saturated
as we increase the augmentation ratio. Judging from the metrics, 1:4 seems to be the best setting,
while 1:2 also shows a compelling performance on the gene variation distance.

Table 4: Results of ablation study on the choice of image augmentation ratio. Higher values on
PCC-10, PCC-50, PCC-200 are better. Lower values on MAE, MSE, RVD are better.

HMHVG

Ratio PCC-10" PCC-50" PCC-200" MAE# MSE# RVD#

2:1 0.4843 0.4338 0.3298 0.9375 1.5147 0.1058
1:1 0.5124 0.4622 0.3532 0.9119 1.4350 0.1391
1:2 0.5373 0.4872 0.3832 0.9098 1.4413 0.0813
1:4 0.5485 0.4947 0.3859 0.8962 1.3982 0.1316

Test Slide Health Condition Finally, we ablate over the in�uence of choosing holdout slides with
different health conditions. The evaluation result is in Table 5. We note thatStemperforms similarly
when the two disease condition slides, AKI and CKD, are used for inference.

Table 5: Results of ablation study on the choice of test slide under different health conditions. AKI:
Acute Kidney Injury. CKD: Chronic Kidney Disease. Higher values on PCC-10, PCC-50, PCC-200
are better. Lower values on MAE, MSE, RVD are better.

HMHVG

Holdout Slide PCC-10" PCC-50" PCC-200" MAE# MSE# RVD#

20-0038 (AKI) 0.5893 0.5332 0.4257 0.8792 1.3513 0.0751
20-0071 (AKI) 0.5685 0.5263 0.4239 0.9316 1.4551 0.0807
21-0057 (CKD) 0.7026 0.5954 0.4502 0.9758 1.5422 0.1140

6 CONCLUSION AND FUTURE WORK

In this work, we proposeStem, a novel generative modeling algorithm for spatially resolved gene
expression prediction based on H&E stained histology images using conditional diffusion models.
Stemgenerates highly accurate and biologically faithful predictions for unseen histology images at
test time and achieves SOTA performance on multiple evaluation metrics across different datasets.
For future work, it would be exciting to explore more conditioning mechanism, neural network
architecture, and their in�uence on task performance. How to better use embedding generated by
pathology foundation models on diffusion generative modeling is also an intriguing question for
future explorations.

Acknowledgement YZ and MT are grateful for partial support by NSF DMS-1847802.
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