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Abstract. Spatial transcriptomics (ST) captures gene expression fine-
grained distinct regions (i.e., windows) of a tissue slide. Traditional su-
pervised learning frameworks applied to model ST are constrained to
predicting expression of gene types seen during training from slide image
windows, failing to generalize to unseen gene types. To overcome this
limitation, we propose a semantic guided network, a pioneering zero-
shot gene expression prediction framework. Considering a gene type can
be described by functionality and phenotype, we dynamically embed a
gene type to a vector per its functionality and phenotype, and employ
this vector to project slide image windows to gene expression in feature
space, unleashing zero-shot expression prediction for unseen gene types.
The gene type functionality and phenotype are queried with a carefully
designed prompt from a pre-trained large language model. On standard
benchmark datasets, we demonstrate competitive zero-shot performance
compared to past state-of-the-art supervised learning approaches. Our
code is available at https://github.com/Yan98/SGN.

Keywords: Spatial transcriptomics · Computational pathology · Gene
expression prediction · Tissue slide image · Zero-shot learning.

1 Introduction

Spatial transcriptomics (ST) facilitates the exploration and diagnosis of dis-
eases, providing gene expression for fine-grained regions, referred to as windows,
in tissue slides. However, acquiring gene expression data for tissue slide windows
involves resource-intensive experiments utilizing specialized equipment, typically
operated by human experts [15]. This inevitably presents a challenge for collect-
ing datasets for training end-to-end neural networks to predict gene expression
from windows of easily obtainable tissue slide images. Furthermore, after de-
ploying the trained network, a new demand may arise to predict the expres-
sion of gene types that are not used/seen during network training, i.e., unseen

https://github.com/Yan98/SGN
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Fig. 1: Overview of fields. Training by a dataset of seen gene types, (a) traditional
approaches predict expression of fixed (i.e., seen) gene types for windows; (b) by using
a large language model (LLM) to describe gene type functionality and phenotype, we
flexibly predict expression of seen and unseen gene types, i.e., zero-shot learning.

gene types, necessitating a revisit of the data collection process for network re-
training [19,21,18]. Therefore, to address these challenges, this paper pioneerly
studies zero-shot gene expression prediction from tissue slide image windows.
Our method not only enhances the efficiency and effectiveness of gene expres-
sion prediction but also accommodates the prediction of unseen gene types.

Recently, the computer vision community has studied gene expression pre-
diction of tissue slide image windows from two perspectives: individual and joint
gene expression prediction. In individual prediction approaches, such as those
proposed by [9,5,22,2,1], networks are trained to predict gene expression of each
window independently. While these approaches have promising results, they ne-
glect spatially nearby slide image windows often share similar gene expression
that could mutually benefit each other and overcome spatial transcriptomics
data noises in the prediction task.

Considering this insight, the core of joint gene expression prediction, as out-
lined in [23,16], is to embed each window of a tissue slide image into features,
connect windows as a graph, apply graph convolutions networks [12,8] to es-
tablish dependency among windows for refining window features, and predict
gene expression of each window from the refined window features. The graph
is constructed by treating each window as a node and connecting edges among
spatially nearby window nodes. However, the similar windows within a slide im-
age could also mutually benefit each other for each gene expression prediction,
which is underexplored in past works.

Nevertheless, existing individual and joint gene expression prediction ap-
proaches focus on traditional supervised learning, thereby restricting expression
prediction to gene types seen during training. Refer to Fig. 1 for examples. This
paper takes a pioneering step forward by studying zero-shot gene expression pre-
diction of windows in a tissue slide image, extending the prediction ability to
unseen gene types by presenting our semantic guided network (SGN). Our key
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idea is to describe a gene type by its functionality and phenotype and use the
description to project tissue slide windows to gene expression in feature space.

Formally, our SGN implements zero-shot gene expression prediction in three
stages. Firstly, we extract a feature vector for each window using a pre-trained
network. Inspired by [23], in a slide image, we treat each window as a node,
and construct a heterogeneous graph by connecting nearby windows and win-
dows with similar extracted features. A graph convolution network [8] is then
applied to refine the features of each window, benefiting from spatially nearby
and feature-similar windows. Concurrently, to obtain the functionality and phe-
notype descriptions of the gene type of interest, we design a prompt to lever-
age a pre-trained large language model (LLM) for querying the description. As
a general-purpose LLM potentially lacks domain-specific gene type knowledge,
when internet access is available, we automatically scrap references related to
the gene type to supplement the knowledge of the LLM for describing gene type
functionality and phenotype. We then embed the gene type description into a
projection vector by using a neural network. Finally, we perform a dot product
between the refined window features and gene type projection vector to derive
the gene expression. Experimentally, our method achieves competitive perfor-
mance compared to the state-of-the-art traditionally supervised approach on
standard benchmark datasets, evaluating our method on unseen gene types.

2 Method

Overview. We distinguish gene types into seen gene types Cs and unseen gene
types Cu, ensuring Cs ∩ Cu = ∅. Given a slide image containing N windows
{Xi}Ni=1 and the gene type c ∈ Cs ∪ Cu of interest, our goal is to predict the
expression {ŷi,c}Ni=1 of gene type c for all windows {Xi}Ni=1 in the slide im-
age, where Xi ∈ RH×W×3, ŷi,c ∈ R, and H and W are height and width of
the window Xi, respectively. This zero-shot learning framework is trained by
using ground truth expression {yi,c}Ni=1 of gene type c ∈ Cs to supervise the
predicted expression {ŷi,c}Ni=1, and has three steps: i) window embedding, com-
posing of feature extraction and refinement to obtain D-dimensional feature
vectors {zi}Ni=1, i.e., zi ∈ R1×D; ii) gene type embedding, obtaining functional-
ity and phenotype descriptions Tc of gene type c by using a pre-trained LLM,
and deriving a projection vector vc ∈ R1×D for gene type c per the description
Tc; iii) gene expression prediction, computing gene expression by applying a dot
product {ŷi,c}Ni=1 = {zi · vc

⊤}Ni=1. In testing, we evaluate our zero-shot ability
by repeating the above three steps to predict the expression of the unseen gene
type c ∈ Cu on the slide image. We show the overall framework in Fig. 2.

2.1 Window Embedding

We use graph-based settings to embed the windows {Xi}Ni=1 into {zi}Ni=1 through
feature extractions and refinements, providing discriminative features for our
zero-shot gene expression prediction task.



4 Yan Yang et al.

Windows

E
xtractor

Graph 
Construction

GraphSAGE

Graph Structure

Node Value

Window Embedding

<latexit sha1_base64="YVveOWcMoq1AwKMjMAQvikXFzpk=">AAACGXicbVDLSgMxFM34rPU16lIXwSK4KjMi6kYouHElFewDOuOQSTNtaCYzJBmxhNn4G/6AW/0Dd+LWlT/gd5hpu7CtFxIO59zLPfeEKaNSOc63tbC4tLyyWlorr29sbm3bO7tNmWQCkwZOWCLaIZKEUU4aiipG2qkgKA4ZaYWDq0JvPRAhacLv1DAlfox6nEYUI2WowD7wtBcj1Q8j3c4DTXOv+C/d/F7f5IFdcarOqOA8cCegAiZVD+wfr5vgLCZcYYak7LhOqnyNhKKYkbzsZZKkCA9Qj3QM5Cgm0tejK3J4ZJgujBJhHldwxP6d0CiWchiHprNwLGe1gvxP62QquvA15WmmCMfjRVHGoEpgEQnsUkGwYkMDEBbUeIW4jwTCygQ3teVxbLVsgnFnY5gHzZOqe1Z1b08rNTiJqAT2wSE4Bi44BzVwDeqgATB4Ai/gFbxZz9a79WF9jlsXrMnMHpgq6+sXZzehjQ==</latexit>

{Xi}N
i=1

<latexit sha1_base64="iL+2Ktbbmzl+O3+2yL6mtPOpBls=">AAACGXicbVDLSgMxFM34rPU16lIXwSK4KjMi6kYouHElFewDOuOQSTNtaCYzJBmxhNn4G/6AW/0Dd+LWlT/gd5hpu7CtFxIO59zLPfeEKaNSOc63tbC4tLyyWlorr29sbm3bO7tNmWQCkwZOWCLaIZKEUU4aiipG2qkgKA4ZaYWDq0JvPRAhacLv1DAlfox6nEYUI2WowD7wtBcj1Q8j3c8DTXOv+C/d/F7f5IFdcarOqOA8cCegAiZVD+wfr5vgLCZcYYak7LhOqnyNhKKYkbzsZZKkCA9Qj3QM5Cgm0tejK3J4ZJgujBJhHldwxP6d0CiWchiHprNwLGe1gvxP62QquvA15WmmCMfjRVHGoEpgEQnsUkGwYkMDEBbUeIW4jwTCygQ3teVxbLVsgnFnY5gHzZOqe1Z1b08rNTiJqAT2wSE4Bi44BzVwDeqgATB4Ai/gFbxZz9a79WF9jlsXrMnMHpgq6+sXgcehnQ==</latexit>

{hi}N
i=1

<latexit sha1_base64="nk3pQ4sVzbgFZkraBA3ZXnmayfc=">AAACGHicbZDLSsNAFIYn9Vbrreqym8Ei1E1JRNRlQQSXFXoRmlAmk0k7dJIJMyfSErrwNXwBt/oG7sStO1/A53B6WdjWHwZ+/nMO58znJ4JrsO1vK7e2vrG5ld8u7Ozu7R8UD49aWqaKsiaVQqoHn2gmeMyawEGwh0QxEvmCtf3BzaTefmRKcxk3YJQwLyK9mIecEjBRt1hygQ0BIKs3boegCAWpxhWXBhLOusWyXbWnwqvGmZsymqveLf64gaRpxGKggmjdcewEvIwo4FSwccFNNUsIHZAe6xgbk4hpL5t+YoxPTRLgUCrzYsDT9O9ERiKtR5FvOiMCfb1cm4T/1TophNdexuMkBRbT2aIwFRgknhDBAVeMghgZQ6ji5lZM+2SCwnBb2DKcnVowYJxlDKumdV51LqvO/UW5hueI8qiETlAFOegK1dAdqqMmougJvaBX9GY9W+/Wh/U5a81Z85ljtCDr6xcrJ6Db</latexit>

PTExtractor(·)

<latexit sha1_base64="deyuhZ/gY9Kgfy7xkCir3+EPQMg=">AAACG3icbVDLSsNAFJ3UV62vqEtBBovgqiQi6kYouHElFewDmhgm02k7dPJg5kZaQnb+hj/gVv/Anbh14Q/4HU7aLmzrgRkO59zLvff4seAKLOvbKCwtr6yuFddLG5tb2zvm7l5DRYmkrE4jEcmWTxQTPGR14CBYK5aMBL5gTX9wnfvNRyYVj8J7GMXMDUgv5F1OCWjJMw+d1AE2BIC0FqnMS3nm5P+VnT2kt5lnlq2KNQZeJPaUlNEUNc/8cToRTQIWAhVEqbZtxeCmRAKngmUlJ1EsJnRAeqytaUgCptx0fEeGj7XSwd1I6hcCHqt/O1ISKDUKfF0ZEOireS8X//PaCXQv3ZSHcQIspJNB3URgiHAeCu5wySiIkSaESq53xbRPJKGgo5uZMpysWtLB2PMxLJLGacU+r9h3Z+UqnkZURAfoCJ0gG12gKrpBNVRHFD2hF/SK3oxn4934MD4npQVj2rOPZmB8/QKIcqK2</latexit>

{Posi}N
i=1

<latexit sha1_base64="qEWtEgZ0jOP8LT7nVSEiC9IZ5Ys="></latexit>G = (V, E)

= (V, Epos [ Efea)

<latexit sha1_base64="iL+2Ktbbmzl+O3+2yL6mtPOpBls=">AAACGXicbVDLSgMxFM34rPU16lIXwSK4KjMi6kYouHElFewDOuOQSTNtaCYzJBmxhNn4G/6AW/0Dd+LWlT/gd5hpu7CtFxIO59zLPfeEKaNSOc63tbC4tLyyWlorr29sbm3bO7tNmWQCkwZOWCLaIZKEUU4aiipG2qkgKA4ZaYWDq0JvPRAhacLv1DAlfox6nEYUI2WowD7wtBcj1Q8j3c8DTXOv+C/d/F7f5IFdcarOqOA8cCegAiZVD+wfr5vgLCZcYYak7LhOqnyNhKKYkbzsZZKkCA9Qj3QM5Cgm0tejK3J4ZJgujBJhHldwxP6d0CiWchiHprNwLGe1gvxP62QquvA15WmmCMfjRVHGoEpgEQnsUkGwYkMDEBbUeIW4jwTCygQ3teVxbLVsgnFnY5gHzZOqe1Z1b08rNTiJqAT2wSE4Bi44BzVwDeqgATB4Ai/gFbxZz9a79WF9jlsXrMnMHpgq6+sXgcehnQ==</latexit>

{hi}N
i=1

<latexit sha1_base64="ImsX99mXQKd0YM6+Bt/zrZUxiE0=">AAACGXicbVDLSgMxFM3UV62vUZe6CBbBVZkRUTdCwY0rqWAf0BmHTJppQzMPkoxYw2z8DX/Arf6BO3Hryh/wO8y0s7CtFxIO59zLPff4CaNCWta3UVpYXFpeKa9W1tY3NrfM7Z2WiFOOSRPHLOYdHwnCaESakkpGOgknKPQZafvDy1xv3xMuaBzdylFC3BD1IxpQjKSmPHPfUU6I5MAP1GPmKZo5+X9hZ3fqOvPMqlWzxgXngV2AKiiq4Zk/Ti/GaUgiiRkSomtbiXQV4pJiRrKKkwqSIDxEfdLVMEIhEa4aX5HBQ830YBBz/SIJx+zfCYVCIUahrztzx2JWy8n/tG4qg3NX0ShJJYnwZFGQMihjmEcCe5QTLNlIA4Q51V4hHiCOsNTBTW15mFit6GDs2RjmQeu4Zp/W7JuTah0WEZXBHjgAR8AGZ6AOrkADNAEGT+AFvII349l4Nz6Mz0lryShmdsFUGV+/n6mhrw==</latexit>

{zi}N
i=1

<latexit sha1_base64="u3tYiB5LuBQpnOC7PiygPgrxGJM=">AAACBXicbVDLSgMxFL3js9ZX1aWbYBFclRkRdVlw47KCfWBbSia904ZmMkOSEcvQtT/gVv/Anbj1O/wBv8N0OgvbeiBwOOde7snxY8G1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dJQohnUWiUi1fKpRcIl1w43AVqyQhr7Apj+6mfrNR1SaR/LejGPshnQgecAZNVZ66ITUDHWQskmvVHYrbgayTLyclCFHrVf66fQjloQoDRNU67bnxqabUmU4EzgpdhKNMWUjOsC2pZKGqLtplnhCTq3SJ0Gk7JOGZOrfjZSGWo9D305mCRe9qfif105McN1NuYwTg5LNDgWJICYi0++TPlfIjBhbQpniNithQ6ooM7akuStPs6hFW4y3WMMyaZxXvMuKd3dRrpK8ogIcwwmcgQdXUIVbqEEdGEh4gVd4c56dd+fD+ZyNrjj5zhHMwfn6BWFUmYI=</latexit>c

Gene Type

Feature Extraction Feature Refinment

Prompt
<latexit sha1_base64="np717IXMgNjKci0fwWsqk8+PdoU="></latexit>

P(c,1int)
<latexit sha1_base64="afqkO5lIc8UBoPLJ0Q1aAcuHW/E=">AAACJnicbVDLSsNAFJ3UV62vqLhyM1iEuimJiLosuHFRoUJf0JYymUzboZNJmLmRltCPcSf6L+5E3Pkdrpy2WdjWAxcO59zLPRwvElyD43xZmbX1jc2t7HZuZ3dv/8A+PKrrMFaU1WgoQtX0iGaCS1YDDoI1I8VI4AnW8IZ3U7/xxJTmoazCOGKdgPQl73FKwEhd+6QNbAQASaVaLj9MCm3qh3DRtfNO0ZkBrxI3JXmUotK1f9p+SOOASaCCaN1ynQg6CVHAqWCTXDvWLCJ0SPqsZagkAdOdZBZ/gs+N4uNeqMxIwDP170VCAq3HgWc2AwIDvexNxf+8Vgy9207CZRQDk3T+qBcLDCGedoF9rhgFMTaEUMVNVkwHRBEKprGFL6N51AXN19O4k5wpy12uZpXUL4vuddF9vMqXcFpbFp2iM1RALrpBJXSPKqiGKErQM3pFb9aL9W59WJ/z1YyV3hyjBVjfv+VqpkU=</latexit>

PTLLM(·)

Input Layer

Transform
er 

B
locks

O
utput Layer

<latexit sha1_base64="oM1LcSw5kXkGdINDIDB1zyo0e8U=">AAACIXicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVnoxoWLivYBbSyTyaQdOnkwc1NaQv7Enei/uBN34p+4ctJ2YVsPXDiccy/3cNxYcAWW9WUU1tY3NreK26Wd3b39A/PwqKmiRFLWoJGIZNsligkesgZwEKwdS0YCV7CWO6zlfmvEpOJR+AiTmDkB6Yfc55SAlnqm2QU2BoC0dveQPaVW1jPLVsWaAq8Se07KaI56z/zpehFNAhYCFUSpjm3F4KREAqeCZaVuolhM6JD0WUfTkARMOek0eYbPtOJhP5J6QsBT9e9FSgKlJoGrNwMCA7Xs5eJ/XicB/8ZJeRgnwEI6e+QnAkOE8xqwxyWjICaaECq5zorpgEhCQZe18GU8i7qgeSqPm5V0WfZyNaukeVGxryr2/WW5iue1FdEJOkXnyEbXqIpuUR01EEUj9Ixe0ZvxYrwbH8bnbLVgzG+O0QKM71+UX6Sb</latexit>

CLS0

<latexit sha1_base64="yLQm7QKaFws5NoeVWX5WbODwLMU=">AAACIXicbVDLSsNAFJ34rPUVdelmsAiuSiKiLgvduFCoaB/QxjKZTNqhkwczN6Ul5E/cif6LO3En/okrJ20XtvXAhcM593IPx40FV2BZX8bK6tr6xmZhq7i9s7u3bx4cNlSUSMrqNBKRbLlEMcFDVgcOgrViyUjgCtZ0B9Xcbw6ZVDwKH2EcMycgvZD7nBLQUtc0O8BGAJBWbx+yp/Qu65olq2xNgJeJPSMlNEOta/50vIgmAQuBCqJU27ZicFIigVPBsmInUSwmdEB6rK1pSAKmnHSSPMOnWvGwH0k9IeCJ+vciJYFS48DVmwGBvlr0cvE/r52Af+2kPIwTYCGdPvITgSHCeQ3Y45JREGNNCJVcZ8W0TyShoMua+zKaRp3TPJXHzYq6LHuxmmXSOC/bl2X7/qJUwbPaCugYnaAzZKMrVEE3qIbqiKIhekav6M14Md6ND+NzurpizG6O0ByM71/E+KS4</latexit>

CLSM

<latexit sha1_base64="5Wb/dZXimLrbOdFN0tUWhddnDEw="></latexit>

Tc = {ti}L
i=1

<latexit sha1_base64="KL7vBvTifVl8bf9qHGPqCsxuMVw=">AAACHXicbVDLSsNAFL2pr1pfVZduBovgqiQi6rLgxmUF+4A2lslk0g6dTMLMpFhC/sOd6L+4E7fir7hy0mZhWw9cOJxzL/dwvJgzpW372yqtrW9sbpW3Kzu7e/sH1cOjtooSSWiLRDySXQ8rypmgLc00p91YUhx6nHa88W3udyZUKhaJBz2NqRvioWABI1gb6bEfYj3ygnSSDVKSDao1u27PgFaJU5AaFGgOqj99PyJJSIUmHCvVc+xYuymWmhFOs0o/UTTGZIyHtGeowCFVbjpLnaEzo/goiKQZodFM/XuR4lCpaeiZzTylWvZy8T+vl+jgxk2ZiBNNBZk/ChKOdITyCpDPJCWaTw3BRDKTFZERlphoU9TCl6d51AXNV3ncrGLKcparWSXti7pzVXfuL2sNVNRWhhM4hXNw4BoacAdNaAEBCc/wCm/Wi/VufVif89WSVdwcwwKsr18BTKPj</latexit>

vc

Gene Type Embededing

LLM

Gene Expression 
Prediction

<latexit sha1_base64="KL7vBvTifVl8bf9qHGPqCsxuMVw=">AAACHXicbVDLSsNAFL2pr1pfVZduBovgqiQi6rLgxmUF+4A2lslk0g6dTMLMpFhC/sOd6L+4E7fir7hy0mZhWw9cOJxzL/dwvJgzpW372yqtrW9sbpW3Kzu7e/sH1cOjtooSSWiLRDySXQ8rypmgLc00p91YUhx6nHa88W3udyZUKhaJBz2NqRvioWABI1gb6bEfYj3ygnSSDVKSDao1u27PgFaJU5AaFGgOqj99PyJJSIUmHCvVc+xYuymWmhFOs0o/UTTGZIyHtGeowCFVbjpLnaEzo/goiKQZodFM/XuR4lCpaeiZzTylWvZy8T+vl+jgxk2ZiBNNBZk/ChKOdITyCpDPJCWaTw3BRDKTFZERlphoU9TCl6d51AXNV3ncrGLKcparWSXti7pzVXfuL2sNVNRWhhM4hXNw4BoacAdNaAEBCc/wCm/Wi/VufVif89WSVdwcwwKsr18BTKPj</latexit>

vc

Dot Product
<latexit sha1_base64="xivVVxEyBXoJKefDlJBaR/HAqhw=">AAACJ3icbVDLSsNAFJ34rPUVFdy4GSyCCymJiLosuHFZwT6gDWEymbRDJ5MwMxFDzM+4E/0Xd6JLf8OVkzQL23rgwuGce7mH48WMSmVZX8bS8srq2npto765tb2za+7td2WUCEw6OGKR6HtIEkY56SiqGOnHgqDQY6TnTW4Kv/dAhKQRv1dpTJwQjTgNKEZKS655OBwjlaW5m9GzYYjUWAYZznPXbFhNqwRcJHZFGqBC2zV/hn6Ek5BwhRmScmBbsXIyJBTFjOT1YSJJjPAEjchAU45CIp2szJ/DE634MIiEHq5gqf69yFAoZRp6erOMOO8V4n/eIFHBtZNRHieKcDx9FCQMqggWZUCfCoIVSzVBWFCdFeIxEggrXdnMl8dp1BnNl0XcvK7LsuerWSTd86Z92bTvLhotWNVWA0fgGJwCG1yBFrgFbdABGDyBZ/AK3owX4934MD6nq0tGdXMAZmB8/wJG1qee</latexit>
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Fig. 2: Our framework. We have three stages: i) window embedding, extracting and
refining features from each window by using an extractor and a GraphSAGE network
that explores relations of window spatial positions and feature similarities; ii) gene
type embedding, querying gene type functionality and phenotype from an LLM, and
embedding the description; iii) gene type prediction, performing dot product between
window embedding and gene type embedding to compute gene expression.

Feature Extraction. We use a pre-trained network [10], PTExtractor(·), to ex-
tract window features {hi}Ni=1 = {PTExtractor(Xi)}Ni=1, where hi ∈ R1×DH

and
DH is the extracted feature dimension. However, the window features {hi}Ni=1

are independently and locally extracted. They are short of context/global in-
formation of the slide image which has been proven to be beneficial for the
prediction task [23], motivating us to refine the features in the next section.
Feature Refinement. We define a graph G = (V, E) with a node set V and an
edge set E for windows in the slide image, and use graph convolution network
to refine window features {hi}Ni=1 based on the graph structure G.

To construct G = (V, E), we set each window Xi as a node to form the node
set V = {vi}Ni=1, and consider two edge types E = Epos∪Efea to explore relations
of spatial position and feature similarity among windows, i.e., the two edge
type gives context/global relations among the graph. With Posi ∈ R2 describing
spatial position of each window Xi in the slide image, we have

Epos = {eij | vi, vj ∈ V × V ∧ ϕ(Posi, Posj , {Posk}Nk=1)} , (1)

Efea = {eij | vi, vj ∈ V × V ∧ ϕ(hi,hj , {hk}Nk=1)} . (2)

ϕ(·, ·, ·) is a k-nearest neighbors (k-NN) function, determining nearest neighbors,
e.g., ϕ(Posi, Posj , {Posk}Nk=1) computes if Posi is one of the nearest neighbors
of Posj among {Posk}Nk=1.
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With the graph G = (V, E), we refine the window features {hi}Ni=1 into
{zi}Ni=1 with a GraphSAGE network [8] along the two edges Epos ∪ Efea. Math-
ematically, the refined features {zi}Ni=1 is defined by

zi =

hi

∥∥∥ 1

|N pos
i |

∑
j∈N pos

i

hj

∥∥∥ 1

|N fea
i |

∑
k∈N feat

i

hk

 Wz , (3)

where Wz ∈ R(3×DH)×D is a linear weight matrix, [· ∥ · ∥ ·] is a concatenation
operator, and N pos

i = {j | ejk ∈ Epos∧k = i} and N fea
i = {k | ekj ∈ Efea∧j = i}

give indexes of nodes connected to vi along Epos and Efea, respectively. The
refined features {zi}Ni=1 are finally used to perform our zero-shot gene expression
prediction in Sec. 2.3.

2.2 Gene Type Embedding

We generate the functionality and phenotype description for a gene type c, and
dynamically embed the description into a vector vc that can project refined
window features {zi}Ni=1 into the gene type expression.
Functionality and Phenotype Description. To generate descriptions of
functionality and phenotype for a gene type c, we leverage a pre-trained LLM,
and design a prompt P(c,1int) that is adjusted by internet access availability
1int. If the internet access is absent, i.e., 1int = false, the prompt P(c,1int)
directly query the functionality and phenotype description from the LLM. Con-
versely, with the internet access, i.e., 1int = true, we supplement the knowledge
base of the LLM by providing a domain-specific gene type reference, condition-
ally prompting the LLM to generate the functionality and phenotype description.
The generated description Tc are obtained by

Tc = PTLLM(P(c,1int)) , T ∈ RL×DT

. (4)

Here, PTLLM(·) is a pre-trained LLM model [11], L is the length of the description,
and DT is the feature dimension of LLM(·). We preserve the feature representa-
tion capability of the LLM by discarding its classification layer, using the final
embedding layer output as our description Tc.
Description Embedding. We embed Tc into a vector vc by using a transformer
[6], aligning them to the feature space of the refined window features {zi}, and
summarising information beneficial to the expression prediction of gene type c.
The transformer has an input layer, a list of transformer blocks, and an output
layer in order. The computation is described as follows. We have an input layer
that projects Tc to a DE-dimensional matrix by using a weight matrix WTc ∈
RDT×DE

, and append a [CLS0] token to the projected matrix, obtaining E0
c ,

E0
c = {CLS0, t1WTc , t2W

Tc , · · · , tLWTc} , (5)

where ti is the i-th token embedding of Tc, i.e., Tc = {ti}Li=1. Assuming there
are M transformer blocks, for 1 ≤ m ≤ M , we compute embedding Em

c of the
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Table 1: Quantitative gene expression prediction comparisons with SOTA methods
on the STNet dataset and 10xProteomic dataset. We present the performance of our
method trained by traditional supervised learning as our performance upper bound.
For the zero-shot setting, we set gene types selected by past works as unseen gene
types, and test these gene types.

Method Zero-shot MSE×102 MAE×101 PCC@F×101 PCC@S×101 PCC@M×101

Experiments on the STNet dataset.
STNet [9] ✗ 4.52 1.70 0.05 0.92 0.93
NSL [5] ✗ - - -0.71 0.25 0.11
EGN [22] ✗ 4.10 1.61 1.51 2.25 2.02
HSANet [2] ✗ 4.00 1.59 1.60 2.28 2.38
CFNet [1] ✗ 6.30 1.66 2.12 3.06 3.00
EGGN [23] ✗ 3.94 1.61 2.12 3.05 2.92
Ours ✗ 4.38 1.72 2.00 3.03 2.83
Ours ✓ 11.86 2.88 1.79 2.89 2.69

Experiments on the 10xProteomic dataset.
STNet [9] ✗ 12.40 2.64 1.25 2.26 2.15
NSL [5] ✗ - - -3.73 1.84 0.25
EGN [22] ✗ 5.49 1.55 6.78 7.21 7.07
HSANet [2] ✗ 4.00 1.54 6.93 7.43 7.20
CFNet [1] ✗ 4.00 1.49 8.00 8.16 8.02
EGGN [23] ✗ 3.52 1.31 7.06 7.60 7.44
Ours ✗ 4.27 1.67 8.22 8.38 8.15
Ours ✓ 13.05 2.70 6.33 6.51 6.48

m-th block as

Em
c = FFNm

(
Attentionm

(
Em−1

c ,Em−1
c ,Em−1

c

))
. (6)

FFNm(·) and Attentionm(·, ·, ·) are respectively a feedforward layer and an atten-
tion layer in the m-th block [6]. In an output layer, we then pop out the [CLSM ]
token from EM

c , and project it to vc by using a weight matrix Wv ∈ RDE×D.

2.3 Gene Expression Prediction

With refined window features {zi}Ni=1 and gene type embedding vc in a shared
feature space, vc is used to project each zi for performing zero-shot expression
prediction of gene type c as

{ŷi,c}Ni=1 = {zi · vc
⊤}Ni=1 . (7)

With the prediction and ground truth, we optimize our network with a mean
square error Lmse and batch-wise Pearson correlation coefficient (PCC) loss Lpcc.
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Table 2: Ablation of our model components. We use ‘FI’ and ‘PT’ for shorts of func-
tionality and phenotype.

GraphSAGE LLM MSE×102 MAE×101 PCC@M×101

Epos Efea FI PT

✗ ✗ ✓ ✓ 10.70 2.71 2.58
✓ ✗ ✓ ✓ 11.59 2.85 2.65
✗ ✓ ✓ ✓ 10.66 2.73 2.48
✓ ✓ ✗ ✓ 12.53 2.97 2.61
✓ ✓ ✓ ✗ 11.52 2.83 2.58
✓ ✓ ✓ ✓ 11.86 2.88 2.69
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Fig. 3: Ablation study on the number of neighbors used in constructing Efea.

2.4 Loss

We optimize our network with a mean square error Lmse and batch-wise Pearson
correlation coefficient (PCC) loss Lpcc. The overall training loss L is defined as

L = Lmse + Lpcc . (8)

3 Experiment

Datasets. We experiment with the STNet dataset [9] and 10xProteomic datasets5.
The STNET dataset and 10xProteomic dataset have 30,612 windows from 68
slide images and 24,263 windows from 6 slide images, respectively. We follow the
dataset pre-processing and cross-fold validation settings of [22,23]. Past works
select 250 gene types with the largest mean across the dataset as prediction tar-
gets. To compare with the past gene expression prediction works, we use their
unselected gene types in training as seen gene types and their selected gene types
in testing as unseen gene types.
Evaluation Metrics. Our method is evaluated with mean squared error (MSE),
mean absolute error (MAE), first quartile of PCC (PCC@F), median of PCC
(PCC@S), and mean of PCC (PCC@M).

3.1 Experimental Result

We compare with state-of-the-art methods on the STNet dataset and 10xPro-
teomic dataset in Tab. 1. Among all the methods, we are the only method
5 https://www.10xgenomics.com/resources/datasets
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Datasets. We experiment with the STNet dataset [9] and 10xProteomic datasets5.
The STNET dataset and 10xProteomic dataset have 30,612 windows from 68
slide images and 24,263 windows from 6 slide images, respectively. We follow the
dataset pre-processing and cross-fold validation settings of [22,23]. Past works
select 250 gene types with the largest mean across the dataset as prediction tar-
gets. To compare with the past gene expression prediction works, we use their
unselected gene types in training as seen gene types and their selected gene types
in testing as unseen gene types.
Evaluation Metrics. Our method is evaluated with mean squared error (MSE),
mean absolute error (MAE), first quartile of PCC (PCC@F), median of PCC
(PCC@S), and mean of PCC (PCC@M).

3.1 Experimental Result

We compare with state-of-the-art methods on the STNet dataset and 10xPro-
teomic dataset in Tab. 1. Among all the methods, we are the only method
that predicts gene expression in a zero-shot manner. Though our method per-
forms poorly on absolute gene expression prediction evaluation metrics, MSE and
MAE, our method successfully captures the relative variations of gene expression
across different windows, i.e., PCC@F, PCC@S, and PCC@M. For example, on
5 https://www.10xgenomics.com/resources/datasets
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Fig. 4: Ablation study of the pre-trained feature extractor (a-c) [10,3,17] and
LLM (d-f) [11,7,20,14].

that predicts gene expression in a zero-shot manner. Though our method per-
forms poorly on absolute gene expression prediction evaluation metrics, MSE and
MAE, our method successfully captures the relative variations of gene expression
across different windows, i.e., PCC@F, PCC@S, and PCC@M. For example, on
the STNet dataset, our method finds 0.269 PCC@M that is 0.031 PCC@M lower
than the state-of-the-art method, CFNet (0.300 PCC@M). As demonstrated by
[22,23], capturing relative variations of gene expression are most important in
our task, and our method shows competitive zero-shot gene expression predic-
tion performance against the state-of-the-art traditional supervised learning ap-
proaches in these metrics. This validates the performance of our zero-shot gene
expression prediction framework.

3.2 Ablation

Model Component. We ablate the our model components in Tab. 2. When
disabling the GraphSAGE, a single linear layer is used to unify the feature
dimensions. Consistently, our components improve the prediction performance.
Number of Neighbors. We study the number of k-NN edges used for con-
structing Efea in Fig. 3. Again, we are biased on PCC-based evaluation metrics.
Having 5 kNN edges finds the most balanced performance.
Extractor and LLM. We ablate the pre-trained feature extractor and LLM in
Fig. 4. In contrast to recent trends that prefer using a ViT-G feature extractor
[13,24,4] for multi-modality feature interaction, with using neural-chat as our
pre-trained LLM, our result suggests that using ResNet18 as a feature extractor
finds the best performance.
Reference for LLM. By default, our model is evaluated by automatically
scraping gene type references from the internet. When internet access is disabled,
we find a lower performance, i.e., 0.256 PCC@M, 0.124 MAE, and 0.295 MSE.

Fig. 4: Ablation study of the pre-trained feature extractor (a-c) [10,3,17] and
LLM (d-f) [11,7,20,14].

the STNet dataset, our method finds 0.269 PCC@M that is 0.031 PCC@M lower
than the state-of-the-art method, CFNet (0.300 PCC@M). As demonstrated by
[22,23], capturing relative variations of gene expression are most important in
our task, and our method shows competitive zero-shot gene expression predic-
tion performance against the state-of-the-art traditional supervised learning ap-
proaches in these metrics. This validates the performance of our zero-shot gene
expression prediction framework.

3.2 Ablation

Model Component. We ablate the our model components in Tab. 2. When
disabling the GraphSAGE, a single linear layer is used to unify the feature
dimensions. Consistently, our components improve the prediction performance.
Number of Neighbors. We study the number of k-NN edges used for con-
structing Efea in Fig. 3. Again, we are biased on PCC-based evaluation metrics.
Having 5 kNN edges finds the most balanced performance.
Extractor and LLM. We ablate the pre-trained feature extractor and LLM in
Fig. 4. In contrast to recent trends that prefer using a ViT-G feature extractor
[13,24,4] for multi-modality feature interaction, with using neural-chat as our
pre-trained LLM, our result suggests that using ResNet18 as a feature extractor
finds the best performance.
Reference for LLM. By default, our model is evaluated by automatically
scraping gene type references from the internet. When internet access is disabled,
we find a lower performance, i.e., 0.256 PCC@M, 0.124 MAE, and 0.295 MSE.
This shows the effectiveness of scraping gene type references for supplementing
the knowledge base of the LLM.
Scalability. When using 25%, 50%, and 100% of data, the PCC@M is 0.207,
0.240, and 0.269, respectively. By halving and doubling the model parameters,
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we have PCC@M of 0.245 and 0.273, respectively, excluding pre-trained feature
extractor and LLM parameters. This investigates our data and model scalability.

4 Conclusion

This paper studies an SGN framework for zero-shot gene expression prediction
of windows in a tissue slide image. Given a gene type of interest, we design
a prompt to query the functionality and phenotype of the gene from a pre-
trained LLM. The obtained gene type description is then used to project each
window to the expression of the gene type in feature space. Finally, we compare
our zero-shot gene expression prediction framework with the past state-of-the-
art supervised learning approaches, and experimentally demonstrate competitive
gene expression prediction performance.
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