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Abstract
The characterization of histopathology with AI
promises to assist clinical decision-making, but
it is currently limited due to coarse-grained anno-
tations that miss cellular identities. To overcome
this gap, we bridge histopathological images,
gene expression profiles, and natural-language
descriptions using SPATIALWHISPERER, a tri-
modal contrastive learning model. Our training
integrates community-scale datasets comprising
spatially resolved gene expression profiles paired
with histopathology images, as well as single-cell
gene expression profiles with detailed annotations.
The shared gene expression modality implies a
transitive relationship between images and tex-
tual annotations, which our method leverages to
enable accurate zero-shot cell type annotation di-
rectly from H&E images. SPATIALWHISPERER
outperforms published baselines, achieving rela-
tive AUROC gains of up to 15.9% across three
benchmarks spanning 19 tissues and 20 cell types.
When training with data from all three modality
pairs, we observe performance gains in low-data
regimes. We formalize our approach and present
a sufficient condition under which this transitive
alignment is induced. Our work establishes tran-
sitive representation learning for fine-grained in-
terpretation of histopathology images.

1Department of Computer Science, Stanford University,
Stanford, CA, USA 2Department of Medicine, Stanford University,
Stanford, CA, USA 3Research and Early Development, Genentech,
Inc., South San Francisco, CA, USA 4CISPA Helmholtz Center
for Information Security, Saarbrücken, Germany (work carried
out at Stanford University) 5Medical University of Vienna,
Institute of Artificial Intelligence, Center for Medical Data
Science, Vienna, Austria 6CeMM Research Center for Molecular
Medicine of the Austrian Academy of Sciences, Vienna, Austria.
Correspondence to: Moritz Schaefer <moritzs@cs.stanford.edu>,
Christoph Bock <christoph.bock@meduniwien.ac.at>, Jure
Leskovec <jure@cs.stanford.edu>, Zinaida Good <zi-
naida@stanford.edu>.

Proceedings of the 43 rd International Conference on Machine
Learning, Seoul, South Korea. PMLR 306, 2026. Copyright 2026
by the author(s).

Application: Zero Shot Histopathology Cell Typing
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Figure 1

Figure 1. Top: Overview of our trimodal SPATIALWHISPERER
model. We train on disjoint paired datasets covering the edges
image ↔ gene expression and gene expression ↔text, which tran-
sitively induces an alignment between image ↔ text. Bottom:
SPATIALWHISPERER enables zero-shot cell type prediction in
histopathology image patches using arbitrary cell labels. Shown is
the per-class AUROC difference between SPATIALWHISPERER
and a gold-standard pathology vision-language model (Lu et al.,
2024). Error bars are 95% confidence intervals (over n = 109
sample images); blue bars mark classes with significant (p < 0.05)
per-image differences. See Table 1 for the broader benchmark cov-
ering multiple datasets, baselines, and training seeds.
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1. Introduction

Histopathology is a cornerstone of clinical diagnosis and
biomedical discovery: stained tissue biopsies are imaged
under a microscope and examined to detect cancer and char-
acterize in�ammatory and degenerative disease. Recent
pathology foundation models and vision-language models,
trained on large corpora of images and accompanying re-
ports, promise to support this work�ow through scalable
retrieval, summarization, and zero-shot recognition of tissue
patterns (Huang et al., 2023; Lu et al., 2024; Xiang et al.,
2025). A central bottleneck in training these models is the
limited availability of high-quality ground-truth annotations,
because most labels and captions are assigned to large re-
gions that contain hundreds to thousands of cells (Huang
et al., 2023; Ikezogwo et al., 2023). More �ne-grained anno-
tations could enable the study of cellular composition and
interaction in routine histopathology images.

Spatial gene expression pro�ling enables cell-level annota-
tion and can be leveraged to partially infer gene expression
from the more economical H&E histopathology data (He
et al., 2020). To enable cellular interpretation of H&E im-
ages, recent work has attempted to derive cell-type anno-
tations from inferred gene expression pro�les (Chen et al.,
2025a; Schaefer et al., 2025a). However, these approaches
neglect the noise inherent in intermediate predictions (Wang
et al., 2025), which impacts their performance.

In this work, we demonstrate how multimodal contrastive
learning enables information transfer from richly annotated
single-cell transcriptomics repositories to histopathology
images, leveraging spatial transcriptomics as a cross-modal
bridge. Spatial transcriptomics captures gene expression (G)
and microscopy images (I ), providing pairedI $ G sam-
ples at near-single-cell resolution. Over the past decades,
expert-level annotations for dissociated single-cell data ac-
cumulated, providing rich pairedG $ T data. These paired
resources share the gene-expression modality, suggesting a
transitive route to learning imageI $ T relationships via
indirect supervision (Fig. 1).

The key question is: How can we combine these modality-
adjacent datasets such thatG-associated cell-level semantic
information T gets aligned with I?

Here, we model this transfer through an InfoNCE-based
(van den Oord et al., 2018) trimodal contrastive objective
that jointly alignsI $ G andG $ T in a shared space.
We coin this approach transitive representation learning
and provide a theoretical analysis con�rming the expected
information transfer across modalities: As the margins sep-
arating contrastive positives from negatives improve on the
I $ G andG $ T pairs, an upper bound on the unobserved
I $ T loss tightens.

Empirically, we train SPATIALWHISPERER, a trimodal em-

bedding model, on large, disjoint paired datasets. SPA-
TIALWHISPERER outperforms a diverse set of H&E an-
notation approaches—leading pathology vision-language
models, a two-stage H&E! expression! cell-type pipeline
trained on identical paired data, and a published image–
gene-expression bridging method—across the three indepen-
dent cell-type benchmarks PathoCell, Lizard, and PanNuke,
with relative AUROC gains of 13.9%, 15.9%, and 13.9%
respectively over the strongest published baseline (Table 1,
Fig. 1).

Contributions.

• We formalize transitive representation learning, pre-
viously observed as an emergent phenomenon (Gird-
har et al., 2023), into a theoretically grounded frame-
work. We derive an InfoNCE-based upper bound on
the contrastive loss for the unobserved modality pair
that tightens with the margins on the observed pairs,
and identify failure modes such as misalignment of the
shared bridge modality.

• We demonstrate this framework's merit for the biomed-
ical community by training SPATIALWHISPERER—
jointly aligning histopathology images, gene expres-
sion, and natural-language cell-state annotations—
demonstrating zero-shot cell type inference that outper-
forms the state of the art across independent cellular
pathology benchmarks.

• We characterize our approach through parameter and
dataset ablations, observing that (i) representation
learning substantially bene�ts scenarios where task-
matching paired data is scarce, and (ii) harmonizing
dataset overlaps enhances information transfer.

We provide our model weights and the source code
to reproduce our analyses athttps://github.com/
zinagoodlab/spatialwhisperer.

2. Related Work

Multimodal contrastive learning has enabled scalable align-
ment of heterogeneous data sources by learning a shared
embedding space from paired observations (Jia et al., 2021;
Radford et al., 2021). In biomedicine, this paradigm has
been applied to connect histopathology with textual re-
ports (Huang et al., 2023; Lu et al., 2024; Xiang et al.,
2025) and with spatial transcriptomics (Chen et al., 2025a;
He et al., 2020; Nonchev et al., 2025; Tran et al., 2026;
Valanarasu et al., 2026; Wang et al., 2025; Xie et al., 2023;
Zeng et al., 2022), and to interface single-cell RNA-seq with
textual annotations for zero-shot cellular analysis (Heim-
berg et al., 2025; Schaefer et al., 2025b; Zhao et al., 2024).
Our work builds on these advances and studies how the
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integration of disjoint paired datasets with a joint modality
can transfer information to unobserved paired modalities.

In the paragraphs below, we contextualize related work on
the integration of more than two data modalities.

Simultaneous Alignment of Comprehensive Measure-
ments. When all modalities co-occur for the same sample,
a natural approach is to align them together jointly. Recent
methods propose geometric regularization or multi-view
matching objectives to improve cross-modal structure (Cic-
chetti et al., 2025; Piran et al., 2024). However, in cellular
biology and clinical pathology, it is uncommon to observe
images, gene expressions, and rich textual annotations si-
multaneously at scale.

In this work, we leverage paired data, which are more com-
mon than complete sets, and ask how to use them to infer
missing relationships.

Hub-based Alignment with a Single Shared Modality.
Complementary work has integrated more than two modali-
ties using pairwise data, learning a shared embedding space
with images as a shared hub modality (Girdhar et al., 2023).
Their work demonstrates transitive representation learning
with images serving as the bridge modality, demonstrating
that training-unseen relationships can be learned.

We build on this concept in the context of cellular biology
using gene expression as the modality bridge. We provide
a theoretical analysis of the conditions and failure modes
under which transitive learning aligns representations, and
support our �ndings with empirical results across diverse
benchmark tasks.

Autoregressive imputation. Tran et al. (2023) target a
disjoint-dataset setting through autoregressive inference. A
transformer model �rst reproduces tokens of the bridge
modality from a source, then reconstructs the target modal-
ity from those pseudo-tokens, propagating class-level super-
vision through weakly paired modality combinations.

In contrast, our method operates on strongly paired data
and asks how to align, rather than generate, across unseen
modality pairs.

Biomedical Frameworks. Integration of more than two
modalities has been explored in biomedical contexts. Wang
et al. (2024) freeze unimodal backbones and learn trans-
formations between diverse modalities, such as drugs and
phenotypes, from a knowledge graph. Chen et al. (2025b)
combine diverse patient-centric modalities using both con-
trastive learning and task-speci�c objectives and a “mixture-
of-modality-experts” architecture.

In contrast to these works, we learn a focused embedding

space of cellular states and assess the effect of transitive
representation learning on downstream task performance.

3. Method

3.1. Trimodal Contrastive Learning Framework

We learn a shared embedding space in which any two of the
three modalities, histopathology images (I ), gene expres-
sion pro�les (G), and natural language (T ), can be compared
via cosine similarity. The shared space should support (i)
cross-modal retrieval (e.g., retrieve gene expressions or cap-
tions most compatible with an image patch), and (ii) prompt-
based, zero-shot prediction (e.g., score a patch against a vo-
cabulary of cell types). We build on paired data contrastive
learning (Radford et al., 2021) and use modality-speci�c
encoders followed by lightweight projection heads that map
into a common d-dimensional space (Zhai et al., 2022).

Encoders: Let� I ; � G; � T denote the modality-speci�c
encoders. Given inputsx I

i ; xG
i ; xT

i , our model produces
unit-normalized embeddingszX

i 2 R2048 in a shared space:
zI

i := � I (x I
i ), zT

i := � T (x T
i ), andzG

i := � G(x G
i ). These

encoders are implemented through modality-speci�c back-
bone models stacked with two-layer MLP projection heads.
We chose the following pretrained backbones in this study,
which also de�ne the input format for each modality

• Image encoder: UNI 2 (Chen et al., 2024),1 a pre-
trained vision transformer for histopathology patches
of size224 � 224 pixels (typically comprising� 10–50
cells per patch).

• Text encoder: BioBERT, which embeds short natural-
language descriptions of cellular phenotypes and tissue
features (Lee et al., 2020).

• Gene expression encoder: Geneformer, which rep-
resents gene expression pro�les as ranked gene to-
kens (Theodoris et al., 2023).

We use the inner producth�; �i as similarity. Under unit
normalization, this equals cosine similarity.

Zero-shot scoring. Once trained, the model supports zero-
shot prediction by comparing embeddings across modalities.
For example, to predict a cell type for an image patch, we
encode the patch intozI and encode a set of candidate
cell types as text promptsfx T

c g into fz T
c g. We then score

each candidate by cosine similarityhzI ; zT
c i and choose the

highest-scoring label. Analogous retrieval is possible across
all modality pairs.

1Checkpoint https://huggingface.co/
MahmoodLab/UNI2-h.
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3.2. Training

We optimize a composite contrastive objective that aligns
each observed modality pair. Following (Schaefer et al.,
2025b; Zhai et al., 2022), we freeze the image and gene
expression backbones and train the text encoder and all
projection heads, keeping computation manageable while
adapting the shared space to the paired datasets (see Ap-
pendix F.1 for an ablation of this choice and an alternative
bridge encoder). Let� I$T = � I$G = � T $G = 1:0 be
scalar weights (set to1:0 if not indicated otherwise; ablation
in Appendix F.2) and� a learnable temperature. In this
work, we de�ne

L = � I$T L I$T + � I$G L I$G + � T $G L T $G : (1)

where� I$T L I$T is relevant only for experiments in Sec-
tion 4.3 and otherwise set to 0.

Each pairwise term L X $Y for (X ; Y) 2
f(I; T ); (I; G); (T ; G)g is an InfoNCE loss (van den Oord
et al., 2018). For a positive pair(zX ; zY ) in a minibatch,
we treat the paired sample as the unique positive and all
other samples in the batch as negatives:

L X $Y = � log
exp(hzX ; zY i=� )

P
k exp(hzX ; zm k

k i=� )
: (2)

We train across the different datasets in an interleaved man-
ner, such that minibatches contain data points re�ecting
different modality pairs, providing a rich contrastive signal.

Training is performed with a cosine learning schedule with
initial warm-up for the �rst 3% of training steps and a learn-
ing rate of10�5 . The training batch size is set to 512, and
we train for 4 epochs unless indicated otherwise.

Throughout the paper, our canonical SPATIALWHISPERER

model refers to the con�guration trained on the two paired
datasetsT $G and G$I (i.e. the bridge con�guration);
experiments that also incorporate the thirdI$T edge
are �agged as such. SPATIALWHISPERER is trained with
seed=0, and we trained two more identical models with
varying seeds (seed=1, seed=2) to quantify run-to-run vari-
ability.

3.3. Analysis of Transitive Representation Learning

Here, we study when and how aligning the observed modal-
ity pairs I $ G andG $ T induces good alignment for
the unobserved pairI $ T . First, we show why training
the encoders on the observed pairs also reduces the loss on
the unobserved pairs. For tractability, we initially assume
perfect overlaps in the shared modality and quantify encoder
quality via a uniform margin between positive and negative
pairs. We then relax the perfect-overlap assumption, since
real datasets rarely coincide exactly in the shared modality,
and we show that the bound degrades smoothly with the

mismatch (O(
p

�) additive slack) rather than breaking. Fi-
nally, we discuss implications for training across all three
edges and support the analysis with empirical insights in
Section 4.

Figure 2. Intuition for transitive representation learning in a
schematic 3-dimensional shared embedding space. As the In-
foNCE loss shrinks the angular gaps on the observed pairs, the
unobserved modalities become closer as well.

Why transitive representation learning works. Letzm
i

denote the unit-normalized embedding of samplei in modal-
ity m 2 fI; G; T g . As illustrated in Fig. 2, the composite
objective intuitively aligns the unobserved pair by shrinking
positive-vs-negative angular gaps on the observed pairs. In
the positive case, ifzT is similar tozG andzG is similar
to zI , thenzT andzI will likely be similar as well. The
caveat is that a low InfoNCE loss also depends on shrunken
angular distances for the negative pairs, while those pairs
are unobserved during training. Below we show why neg-
ativezT ; zI pairs are pushed apart in this setting such that
effective transitive learning succeeds. Rather than deriving
a strict guarantee of transfer under potentially unrealistic as-
sumptions, we use a simpli�ed setting to verify the intuition
and guide the design of our experiments.

In contrastive learning, the quality of the encoder can be
characterized by the separation margins(�; �) it achieves
between matched and mismatched pairs. More formally, for
each sample i and any distinct sample j 6= i, we require

hzI
i ; zG

i i � 1 � �; hz G
i ; zT

i i � 1 � �; (P)

hzI
i ; zG

j i � �; hz G
i ; zT

j i � �: (N)

Thus, true pairs are close (similarity at least1 � � ), while
mismatched pairs are bounded by �.

Under these margins, we bound the per-sample InfoNCE
loss for the unobservedI ! T query in terms of(�; �) ,
making the intuition for transitive learning precise and cap-
turing a suf�cient condition for when the transfer succeeds.
Here, we use the gene expression encoder as a semantic
reference that links the other two modalities. Note that this
choice depends on the available data.

Lemma 3.1 (Per-sample InfoNCE bound forI !T ). Given
a queryx I

i , its matched (but unobserved)xT
i , andN un-
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Figure 3. Zero-shot cell type prediction on a held-out lung cancer tissue sample using free-text queries. Inference is performed at the
patch level, and colormaps show cosine similarities between encoded image patches and each of the two encoded queries. The shown
sample was not part of our training data. Ground truth annotations were provided by an expert histopathologist. The original label for
immune cells (yellow) was `tertiary lymphoid structure', a niche characterized by dense immune cell in�ltration, including T cells.

paired xT
j 1

; : : : ; xT
j N

contrastive negatives, de�ne

s+ = hzI
i ; zT

i i; s �
k = hzI

i ; zT
j k

i:

Let � > 0 be the temperature. If(P) and (N) hold with
margins(�; �) , then the loss̀i across modalitiesI andT
is bounded by � and �:

` i = log
�

1+
NX

k=1

e(s �
k �s + )=�

�
� log

�
1+N e r(�;�)=�

�
;

wherer(�; �) = q(�; �) � p(�) with p(�) = 2(1 � �) 2 � 1
and q(�; �) = maxf�; (1 � �)�g +

p
2� � � 2:

Holding � andN �xed, the bound decreases as observed
positives tighten (� #) and observed negatives are pushed
away (� # ). As � ! 0 and � ! �1 , it approaches the
optimal losslog(1 + Ne �2=� ), which tends to0 as� ! 0 .
Proof details are in Appendix A; conceptually, we decom-
pose each embedding along theG reference direction and
bound positive and negative projections and residuals.

We empirically probe these conditions in Section 4.

Figure 4. Impact of drift in the overlapping modality: imperfect
overlap introduces an additive slack in the unobserved pair loss
bound.

Effect of imperfect overlap in G. Real datasets rarely
coincide exactly in the shared bridge modality (Fig. 4). If
the G reference directions differ across datasets, an extra

change-of-reference projection introduces a slack in the ex-
ponent gapr . In the high-overlap regimehzG

i ; zG
j i � 1 � � ,

the degradation is an additiveO(
p

�) (with smallerO(�)
and mixedO(

p
��) terms), vanishing as� ! 0 . The transi-

tive bridge thus degrades predictably with bridge-modality
mismatch rather than breaking.

We observe this empirically in Section 4.2: harmonizing
the bridge-modality overlap across datasets tightens cross-
modal alignment, in line with the predicted scaling. The
result motivates data curation and diagnostics of overlapping
modalities, such as distributional similarity checks.

Figure 5. Leveraging transitive pretraining: transitive learning pre-
conditions the unseen modality pair to be close, easing subsequent
�ne-tuning on the third edge. The black arc betweenI $ T
indicates angular distance to be re�ned by training.

Implications for training on all three edges. Under our
trimodal objective, training can be performed jointly across
datasets covering all three pairwise modality combinations.
In this setting, each observed pair receives both direct su-
pervision from its own contrastive loss and transitive super-
vision induced by the two remaining pairwise objectives.
Our analysis illustrates how these two signals complement
each other. Imagine this as a sequential learning proto-
col, where optimization on the transitive pairsI $ G and
G $ T tightens an upper bound on the loss of the third
pair I ! T , effectively pre-conditions the shared space.
Including data forI $ T then provides direct signal that
further re�nes alignment. As a result, combined training re-

5


