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Abstract

Al-driven disease characterization in histopathol-
ogy promises to assist in clinical decision making,
but its performance is limited by the scarcity of
detailed annotations. In contrast, single-cell gene
expression provides expressive and interpretable
labels that compensate this scarcity, but assays are
costly and rarely acquired in clinical workflows.
To overcome this gap, we propose to bridge these
data sources using a trimodal contrastive learn-
ing framework that aligns histopathology images,
gene expression profiles, and natural-language de-
scriptions. Our training data combines atlas-scale
datasets of (i) spatially-resolved gene expression
paired with histopathology images, and (ii) single-
cell gene expression with curated annotations. To-
gether, these data induce an alignment between
image and text modalities, which we leverage
for zero-shot image annotation tasks, such as the
identification of immune cells. We present a suffi-
cient condition under which this transfer can suc-
ceed and assess the performance of our approach
against established baselines. We predict cell
types at 15.4% improved relative AUROC over
leading pathology vision language models. Our
method also exhibits significant gains across di-
verse prediction tasks in low-data regimes, when
combining training data from all three modality
pairs. Our work thus establishes transitive rep-
resentation learning as an effective strategy to
enhance histopathology interpretation.

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
characterize inflammatory and degenerative disease. Recent
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Figure 1. Top: Overview of the proposed trimodal training setup.
We train on disjoint paired datasets that cover the edges image
<> gene expression , gene expression <>text , and (optionally) im-
age < text. Bottom: Per-class AU ROC difference for zero-shot
cell type prediction in histopathology image patches, comparing a
trimodal model trained on image<>gene expression and gene ex-
pression <> text versus a gold-standard pathology vision-language
model (Lu et al., 2024). Blue bars indicate significant (p < 0.05)
differences across n=109 sample images in the benchmark dataset.

pathology foundation models and vision-language models,
trained on large corpora of images and accompanying re-
ports, promise to support this workflow through scalable
retrieval, summarization, and zero-shot recognition of tissue
patterns (Huang et al., 2023; Lu et al., 2024; Xiang et al.,
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2025).

A central bottleneck in training these models is the limited
availability of supervision for cellular interpretation. Most
labels and captions are assigned to large regions that con-
tain hundreds to thousands of cells (Ikezogwo et al., 2023;
Huang et al., 2023). Yet, clinically relevant phenomena,
such as immune infiltration, stromal remodeling, and tumor
microenvironmental niches, rely on the characterization of
few or even individual cells.

Single-cell gene expression profiling provides a complemen-
tary perspective. These data provide mechanistic biological
interpretability beyond what image annotations typically
afford. Large-scale annotation efforts furthermore facilitate
their interpretation to derive cell types, activation states, and
biological contexts. However, gene expression profiling
assays are substantially more expensive and complex than
routine H&E microscopy, limiting their widespread clinical
deployment.

Transferring these gene expression-based annotations to
histopathology analysis could facilitate cell-level interpreta-
tion, which could drastically elevate the predictive value of
this routinely obtained data modality.

In this work, we demonstrate this annotation transfer, lever-
aging spatial transcriptomics as a bridge. Spatial transcrip-
tomics jointly captures gene expression (G) with microscopy
images (Z), yielding paired (Z +» G samples at near-single-
cell resolution. Although textual annotations (7) for spatial
transcriptomics data are rare, single-cell resources provide
strong G <> 7T supervision. Combined, these two large
paired data resources share the gene expression modality,
suggesting a transitive route to learning imageZ < 7T rela-
tionships through indirect supervision (Fig. 1).

Our goal is to learn an embedding Z <> T that supports
zero-shot cellular annotation of images. As direct supervi-
sion for Z < 7T is often coarse, we leverage the fine-grained
signal provided through 7 <+ G and G <> T datasets. The
challenge lies in using these modality-adjacent datasets to
regularize the latent space such that the fine-grained seman-
tic information associated with G propagates to Z <> 7.

We address this with an InfoNCE-based trimodal contrastive
objective that jointly aligns Z <+ G and G <> T (and option-
ally Z <+ 7) in a shared space which we coin as transitive
representation learning. We provide a theoretical analysis
of the InfoNCE loss that confirms the expected information
transfer across modalities: as the margins separating con-
trastive positives from negatives improve on the observed
T <> Gand G <> T pairs, an upper bound on the unobserved
T < T loss tightens.

Empirically, we train a trimodal model on large, disjoint
paired datasets spanning all three edges. Our model out-

performs gold-standard pathology vision-language models
on histopathology cell typing across 10 out of 13 cell types
(max. AUROC 0.734 versus 0.670, see Table 2 and Fig. 1).
In addition, we observe that when task-matching bimodal
data is scarce, additional transitive representation learning
improves downstream performance. Our results demon-
strate a way to enhance shared representation learning in
biomedical settings where annotations are often limited.

Contributions.

* We describe and assess a trimodal contrastive learning
framework that is trained on disjoint paired datasets to
transfer gene expression-based textual annotations to
histopathology.

* We provide an analysis of the InfoNCE loss that gives
sufficient conditions for transitive representation learn-
ing across modalities. This also highlights failure
modes, such as the lack of overlap in the shared modal-
ities, which we demonstrate empirically through text
harmonization.

* We demonstrate improved zero-shot cell type predic-
tion in histopathology and consistent gains in low-data
regimes across established multimodal benchmarks.

We will make source code and model weights publicly avail-
able upon publication.

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 text re-
ports (Huang et al., 2023; Lu et al., 2024; Xiang et al.,
2025) and with spatial transcriptomics (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 (Heimberg et al., 2025; Schaefer et al., 2025b;
Zhao et al., 2024). Our work builds on these advances and
studies how integration of a third modality can serve as a
supervision-rich bridge that improves over task-matched
paired data.

In the subesctions below, we contextualize related work on
the integration of more than two datasets.
2.1. Simultaneous Alignment of Comprehensive

Measurements

When all modalities co-occur for the same sample, a natural
approach is to jointly align them altogether. Recent methods
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propose geometric regularization or multi-view matching
objectives to improve cross-modal structure (Cicchetti 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 simultaneously at
scale. In this work, we acknowledge that paired data are
observed more commonly and ask how to use them to infer
missing relationships.

2.2. Hub-based Alignment with a Single Shared
Modality

Complementary work has integrated more than two modali-
ties using pair-wise data, learning a shared embedding space
with images as a shared hub modality (Girdhar et al., 2023).
This demonstrates a form of transitive representation learn-
ing, with images serving as the bridge modality, and shows
that training-unseen relationships can be learned.

We build on this concept in the context of cellular biology.
We provide a theoretical analysis of the conditions and fail-
ure modes for transitive learning to align representations,
and support our findings with empirical results on diverse
benchmark tasks.

2.3. Biomedical Frameworks Beyond Two Modalities

Integration of more than two modalities has been explored
in biomedical contexts. Wang et al. (2023) freeze unimodal
backbones and learn transformations between diverse modal-
ities such as drugs and phenotypes from a knowledge-graph.
Chen et al. (2025) combine diverse patient-centric modali-
ties using both contrastive learning and task-specific objec-
tives 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 (Z), gene expres-
sion profiles (G), and natural language (7), 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-specific
encoders followed by lightweight projection heads that map
into a common d-dimensional space (Zhai et al., 2022).

Encoders: Let ¢z, ¢g, ¢ denote the modality-specific
encoders. Given inputs 7,2, 7, our model produces
unit-normalized embeddings z;* € R?%48 in a shared space:
1= ¢r(ah), 2] = ¢ (a]), and 2¥ = ¢g(xY). These
encoders are implemented through modality-specific back-
bone models stacked with two-layer MLP projection heads.
We chose the following pretrained backbones in this study,

which also define the input format for each modality

» Image encoder: UNI 2, a pretrained vision transformer
for histopathology patches of size 224 x 224 pixels
(typically comprising ~10-50 cells per patch) (Chen
etal., 2024).

¢ 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 profiles as ranked gene to-
kens (Theodoris et al., 2023).

We use the inner product (-, -) 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 into zZ and encode a set of candidate
cell types as text prompts {2/ } into {27 }. We then score
each candidate by cosine similarity (2%, z7) and choose the
highest-scoring label. Analogous retrieval is possible across
all modality pairs.

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. Let
AT = Mog = Arog = 1.0 be scalar weights (set
to 1.0 in this study) and 7 a learnable temperature. In this
work, we define

L= o7 LT+ Moo Lo+ ATog Lrog. (1)

Each pairwise term Lyoy for (X)) €
{(Z,T), (Z,G9), (T,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:

exp((z%,2Y)/7) .
>y exp((z¥, 21 /7)

Lxoy = —log )
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Table 1. Datasets used for trimodal training. Each dataset provides paired data for two of the three modalities.

Name Description Num. Pairs
HEST-1K (Subset) (Jaume Gene expression <> Image: Histopathology patches paired with 921,154

et al., 2024) spatially resolved gene expression profiles. (384 samples)
CellWhisperer Gene expression <> Text: Gene expression profiles paired with 1,082,413
Dataset (Schaefer et al., 2025b)  textual annotations.

QUILT-1M (Subset) (Ikezogwo  Image <+ Text: Histopathology images with matched textual 104,362

et al., 2023)

descriptions. (Not used for cell type prediction task)

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

Training is performed with a cosine learning schedule with
initial warmup for the first 3% of training steps and a learn-
ing rate of 1075, Training batch size was 512.

If not indicated otherwise, we freeze the backbones for the
image and gene expression encoders, while keeping the text
encoder backbone and all projection layers unfrozen, and
trained for 4 epochs.

3.3. Datasets & Benchmarks

We train on different combinations of three large bimodal
datasets (Table 1), covering the edges Z <+ G, G < T, and
T + T. Specifically, we use (i) HEST-1K (Jaume et al.,
2024), which pairs histopathology image patches with Vi-
sium spatial transcriptomics readouts (921,154 pairs across
384 samples); (ii) the CellWhisperer dataset (Schaefer et al.,
2025b), which pairs gene expressions with textual anno-
tations (1,082,413 pairs); and (iii) QUILT-1M (Ikezogwo
et al., 2023), which pairs histopathology images with cap-
tions (104,362 pairs after filtering).

All three datasets span diverse biological and pathological
contexts. For compatibility with the 7 < G data, we filter
the G <» 7 HEST-1K data to samples that provide expres-
sion profiles across the whole genome. At the spatial level,
such data typically resolve close to the single-cell scale with
individual patches representing on the order of ~10 cells.
For the T <+ Z QUILT-1M dataset, which contains heteroge-
neous image sources and formatting, we follow the metadata
provided by the authors to filter for high-magnification his-
tological images while excluding non-histological content.

We evaluate on benchmark tasks that cover each modality
pairs, including both retrieval-style settings (e.g., retrieve
the correct gene expression profile for an image patch) and
classification-style settings that can be expressed through
natural-language prompts and underline the zero-shot ca-
pabilities of our approach. Our first experiment (Fig. 1)
evaluates 88,014 image patches from 109 annotated colorec-

tal cancer tissue images (35 patients). Ground truth cell type
labels were derived through a proteomics-based assay per-
formed in parallel to the histopathology imaging (Koreuber
et al., 2025; Schiirch et al., 2020). Table 3 provides details
on the benchmark used in our second experiment (Fig. 6).

3.4. Analysis of Transitive Representation Learning

Here, we study when and how aligning the observed modal-
ity pairs Z <> G and G < T induces good alignment for the
unobserved pair Z <+ 7. Let 2] denote the unit-normalized
embedding of sample ¢ in modality m € {Z,G, T }.

First, we show why training the encoders on the observed
pairs also reduces the loss on the unobserved pairs. For sim-
plicity, we assume perfect overlaps in the shared modality
and we quantify the quality of encoder training via a uni-
form margin that measures how well the encoders separate
positive from negative pairs. We then discuss implications
on training with datasets that span all three edges. Finally,
we analyze the impact of imperfect overlaps in the shared
modality, which is an expected scenario in real-world data.
We complement our analyses with empirical insights in

Section 4.
Before training After training

How are unobserved
relationships induced?

RS § />\\I‘ W
/
T

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. As illus-
trated 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, if z is
similar to zg and zg is similar to zz, then z7 and zz will
likely be similar as well. The caveat is that to achieve a
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low InfoNCE, we also need to implicitly shrink the angular
distance for the negative pairs without training on the unob-
served pairs. Below we make this intuition precise and show
when transfer is expected to succeed. Rather than deriving
a strict guarantee of transfer under potentially unrealistic as-
sumptions, we use a simplified setting to verify the intuition
and guide the design of our experiments.

Encoder quality is captured by separation margins (€, 7)
between positive and negative pairs, for ¢ and j # 1,

(z2,29) > 1—¢, (29.2]) > 1—¢, (P

RNt} (ARt

(F,29) <m,  (F2]) <n N

Thus, true pairs are close (similarity at least 1 — ¢€), while
mismatched pairs are bounded by 7).

Under these margins, we bound the per-sample InfoNCE
loss for the unobserved Z — T query in terms of (e, n),
making the intuition precise and capturing a sufficient con-
dition for transfer. Here, we use the gene expression encoder
as a semantic reference that links the other two modalities;
this choice depends on the available data.

Lemma 3.1 (Per-sample InfoNCE bound for Z— 7). Given
a query x%, its matched (but unobserved) x], and N un-

70

paired Zj ..., T, contrastive negatives, define
Y S - _ /. T T
sT o=z, % ), s = (%, 2,)

Let 7 > 0 be the temperature. If (P) and (N) hold with
margins (€,n), then the loss £; across modalities T and T
is bounded by € and 1:

N
0 = 1og(1+ze<55*8+>/7) < log(1+NeT(€7’7)/T),
k=1

where r(e,n) = q(e,n) — p(e) withp(e) = 2(1 —€)2 -1

and q(e,n) = max{n, (1 — e)n} + v2¢ — 2.

Holding 7 and N fixed, the bound decreases as observed
positives tighten (e |) and observed negatives are pushed
away (n }). As e — 0 and n — —1, it approaches the
optimal loss log(1 + Ne~2/7), which tends to 0 as 7 — 0.
Proof details are in Appendix A; conceptually, we decom-
pose each embedding along the G reference direction and
bound positive and negative projections and residuals.

We empirically probe these conditions in Section 4.

Implications for training on all three edges. Under our
trimodal objective, training can be performed jointly for
datasets than span all three paired combinations. In this sit-
uation, any given data pair receives supervision directly, as
well as transitively, through the combination of the other two
pairs. Our analysis illustrates how these two signals com-
plement each other. Imagine this as a sequential learning

Without transitive learning ~ With transitive learning

Does transitive

learning complement g
bimodal data? P
X
° L] ,/ I
(
T

Figure 3. Leveraging transitive pretraining: transitive learning pre-
conditions the unseen modality pair to be close, easing subsequent
fine-tuning on the third edge. Black arc between Z <+ 7 indicates
angular distance to be refined by training.

protocol, where optimization on the transitive pairs Z <> G
and G <> T tightens an upper bound on the loss of the third
pair Z — T, effectively pre-conditions the shared space.
Including data for Z <+ T then provides direct signal that
further refines alignment. As a result, combined training re-
quires less Z <> T supervision to achieve strong alignment
(Fig. 3).

Without drift With drift
How does drift impact

transitive learning?

G1I
x 5 \T\\\’ :;\(7\\

1

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. Although above we
assumed perfect overlaps in G across datasets, in reality this
is rarely the case. If the G reference directions differ, an
extra change-of-reference projection introduces a slack in
the exponent gap 7. In the high-overlap regime (zlg , z]g> >
1 — 6, the degradation is O(v/§) (with smaller O(§) and
mixed O(v/€§) terms), vanishing as § — 0.

Our defined degradation of the bound thus motivates data
curation and diagnostics of overlapping data modalities,
such as through examining the distribution similarity.

4. Experiments

Our approach allows for fine-grained analysis of histopathol-
ogy images with free-text queries. Applying a trimodal
model to annotate a lung cancer histopathology sam-
ple (Dawo et al., 2025; Schaefer et al., 2025a), we observe it
can accurately detect cancer and immune cells by zero-shot
querying for specific cell types (Fig. 5).

Here, we assess our trimodal approach systematically
through three complementary experiments that directly
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Ground-truth annotations

Model annotation quei

“T cells” Model annotation query "tumor cells"

Figure 5. Zero-shot cell type prediction on a held-out lung cancer tissue sample using free-text queries. Inference is performed on
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. Original label for immune
cells (yellow) was ‘tertiary lymphoid structure’, a niche characterized by dense immune cell infiltration.

probe the analyses in Section 3.4. First we train on two
datasets and rigorously measure its transitively learned cell
type detection performance through a benchmark of anno-
tated histopathology images. We compare this model against
established and self-trained pathology vision-language mod-
els. Second, we assess how transitive pretraining comple-
ments with task-matched paired data. We examine this
with a focus on training data scarcity, as high-quality data-
annotation pairs are often rare. Third, we test the impact of
shared data modality overlap on information transfer. We
harmonize annotation style in the text modalities across
datasets and measure its effect on cross-modal retrieval.

Unless stated otherwise, all evaluations are zero-shot: We
query the learned shared embedding space with modality-
specific encoders and perform nearest-neighbor retrieval or
prompt-based scoring without task-specific fine-tuning.

4.1. Transitive Representation Learning Improves Cell
Type Prediction in Histopathology

To assess whether gene expression-mediated supervision im-
proves cell-level recognition in histopathology data, we per-
formed zero-shot cell type inference in samples of colorectal
cancer biopsies with ground truth cell type annotations (Ko-
reuber et al., 2025; Schiirch et al., 2020). Individual patch
embeddings were scored against textual embeddings of 13
cell types in the shared embedding space, followed by a
comparison to the patch-level cell type labels. We compared
our trimodal model to leading pathology vision—language
models CONCH and PLIP (Huang et al., 2023; Lu et al.,
2024), as they match our model’s capability for zero-shot
inference of histopathology image patches. To isolate the
performance of gene expression-mediated transitive rep-
resentation learning, we trained our model solely on the
Z < Gand G < T datasets.

Trimodal training improved performance for most cell types
over our baselines, with particularly strong gains for sev-

Table 2. Zero-shot cell type prediction performances (mean AU-
ROC scores across n = 109 image samples). Best per row is bold;
second-best is underlined.

Cell Type Trimodal CONCH PLIP
Adipocytes 0.473 0.545 0.467
B cells 0.726 0.584 0.538
Dendritic cells 0.611 0.525 0.485
Granulocytes 0.636 0.631 0.428
Macrophages/

Monocytes 0.712 0.426 0.406
NK cells 0.457 0.437 0.395
Nerves 0.541 0.567 0.547
Plasma cells 0.639 0.660 0.496
Smooth muscle 0.734 0.670 0.630
Stroma 0.633 0.515 0.363
T cells 0.734 0.426 0.502
Tumor cells 0.575 0.497 0.506
Vasculature/

Lymphatics 0.720 0.611 0.579
Mean 0.630 0.546 0.488

eral immune and vasculature populations, which are well-
captured by gene expression profiling assays. Overall, our
model achieves the best AUROC on 10 of 13 cell types and
improves the mean AUROC by 15.4% relative to the second-
best model (Fig. 1 and Table 2). The highest observed pre-
diction performance is 0.734 (AUROC), demonstrating the
challenging nature of this benchmark.

Cell types with poor recognition performance coincide with
known measurement limitations. Adipocytes exhibit few
molecules and are therefore poorly captured through gene
expression profiling. Abbreviated labels (e.g., “NK cells”)
can reduce alignment as training data predominantly con-
tains full spelling (e.g., “natural killer cells”).
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Setting:
Cross-Modal Pretraining

Gene Expression — Text (Cell Types/Zero-shot)

Benchmark . \
modalities o< > u 0.8 timod?
Q
X S 96 7 pimodal random baseline
Trimodal T @
training < 04
o> 024
Bimodal 0.0 # T T T 1
training o¢—>hn 0 1/512 1/64 18 1

Subsampling proportion

Results: Domain-Specific Benchmarks

Image < Gene Expression (Retrieval) Image — Text (Skin Conditions/Zero-shot)

0 1/512 1/64

18 10
Subsampling proportion

1/512 1/64 18 1
Subsampling proportion

Figure 6. Effect of task-matching data with (red line; trimodal model) and without (blue line; bimodal baseline) transitive data. Task-
matching data is provided in different amounts, to simulate low-data scenarios. Modality-matching tasks described in Table 3. Scores are
macro-averaged across classes. Baseline performance at x=0 is set to 0.5 (corresponding to fully random AUROC performance).

Table 3. Benchmark datasets used for evaluating performance in low-n data scenarios (Fig. 6)

Name Task Description Ref.

Tabula Gene expression — Cell type annotation from a large-scale scRNA-seq (Consortium* et al.,
Sapiens Text (zero-shot) atlas covering 177 cell types. 2022)

HEST-1K Gene expression <> Gene expression retrieval from histopathology (Jaume et al., 2024)
Benchmark  Image (retrieval) images, covering 8 human cancers and 9 organs.

Skin Image — Text 16 malignant and nonmalignant skin conditions. (Kriegsmann et al.,
Conditions  (zero-shot) 2022), adopted

from (Xiang et al., 2025)

‘We observe similar trends for the F; and other metrics and
discuss those in Appendix C. We also evaluated alterna-
tive query formulations, which led us to use bare cell type
labels as those performed the best in our baselines (see
Appendix B).

4.2. Task-Matching and Transitive Data Jointly Boost
Performance in Low-/NV Data Regimes

We next asked whether transitive representation learning
can compensate for low-n paired data in the modality pair
of interest. This question is particularly relevant in biomedi-
cal applications, where high-quality paired annotations are
often expensive and therefore small in scale.

For this purpose we collected representative benchmark
tasks covering each of the three modality pairs (Table 3). We
then constructed low-N settings by randomly subsampling
the paired target data to fractions {1, 1/8, 1/64, 1/512},
along with a 0-data control (Fig. 6) and trained two sets of
models. First a bimodal model using only the subsampled
target pairs, and second a trimodal model that additionally
leverages the other two paired datasets through our trimodal
objective.

Across all three benchmark tasks, incorporating auxiliary
paired supervision via the shared modality (i.e., transitive
representation learning) improved performance over the
bimodal baseline, with the largest gains appearing in the

smallest-data regimes (Fig. 6). At full provided data, the
benefits vanish, which we attribute to a combination of
saturated benchmarks and complementary information in
the transitive and task-matching data modalities.

Overall, our results demonstrate that trimodal learning acts
as a strong inductive bias: when direct paired supervision
is weak, auxiliary pairs that overlap through the shared
modality provide informative structure that improves gener-
alization. Notably, we did not observe this positive effect for
the cell type prediction task. We attribute this to a lack of
task-relevant information in the Z <+ 7 QUILT-1M dataset
(see Appendix B.

4.3. Transitive Representation Learning Requires
Overlapping Modalities

As highlighted in Section 3.4, transfer depends on an over-
lap in the shared modality: if the text descriptions associated
with images and gene expressions deviate, the model does
not reliably align the corresponding image and gene expres-
sion modalities. In practice, this overlap can be weakened by
stylistic inconsistencies (e.g., different vocabularies, levels
of specificity, and biological focus) even when the underly-
ing semantics match.

To probe this effect, we curated the labels in the Z < T
QUILT-1M dataset to better match the labels’ style in the
G + T dataset. We used an LLM to rewrite labels to mimic
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the annotation style of 20 hand-picked G <+ 7 examples
(Appendix D). We then evaluated how well the curated
versus original labels aligned to their corresponding images
by measuring their Z <+ 7 similarity under a model trained
only on the other two modality pairs.

Consistent with our expectations, text harmonization yielded
significantly higher Z <> 7 similarity scores (Fig. 7), which
was also reflected in higher retrieval scoring (AUROC 0.695
vs 0.645; scores were computed on a subset of 20,000 pairs
for performance reasons).

These results underline the importance of overlapping
modalities for transitive representation learning. Targeted
data curation can thus function as a practical lever for
strengthening the alignment of unobserved modality pairs.

original labels — +
*p<10-187

‘l T T T T T
-50 -25 0.0 25 5.0 7.5

Per-sample image-text similarities

curated labels

Figure 7. Comparison of cross-modal similarity for curated and
original Z <+ 7 data. Shown is the distribution of temperature-
scaled cosine similarities across samples in (Ikezogwo et al., 2023)
computed using a trimodal model trained with Z <> Gand G <> T
data. Black lines indicate distribution quartiles. Statistics: Two-
sided Mann-Whitney U

5. Discussion

Gene expression profiling provides rich, mechanistically
interpretable labels that can inject cellular semantics into
histopathology. By training on paired Z <> G and G <> T
data, our model learns an implicit Z <+ 7 mapping that en-
ables zero-shot cellular annotation from routine H&E using
natural-language queries. This establishes a practical route
to molecularly grounded interpretation of tissue morphol-
ogy, linking morphological findings to curated molecular
concepts.

Transitive representation learning also improves data effi-
ciency. In low-data regimes, which are common in biomedi-
cal settings due to the cost of high-quality labels, leveraging
auxiliary paired datasets acts as a strong regularizer. Across
3 benchmarks, gains are most pronounced when target pairs
are scarce, which motivates a pretraining strategy in which
broadly available paired corpora, for example spatial tran-
scriptomics and atlas annotations, are used to strengthen
task-specific bimodal performance in problems with low
data availability.

Our analysis and experiments provide insights into when
transfer succeeds, or fails. Strong positive margins and low

negative similarities on the observed pairs tighten an upper
bound on the unobserved Z <+ T InfoNCE loss, explaining
how the composite objective aligns training-unseen rela-
tionships. Effective transfer further depends on substantive
overlap in the shared modality across datasets: when overlap
is imperfect, the bound degrades predictably with the mis-
match, which we observe empirically. These observations
motivate practical remedies such as style harmonization,
and protocol-/batch-aware adapters that better cope with
heterogeneity in transcriptomic measurements. Simple diag-
nostics, such as empirical margin estimates and hub-overlap
scores in gene expression, can be computed during training
to anticipate transitive potential and to guide curation.

While we focus on histopathology, transcriptomics, and
text, the trimodal perspective extends naturally to additional
measurements. Proteomics or epigenomics could enrich the
shared modality with complementary aspects of cell state,
and longitudinal or perturbation datasets could introduce
causal structure that is not available from observational
data alone. We expect that multimodal foundation models
for biomedicine will increasingly rely on compositional
training setups, where large but incomplete paired datasets
are combined to approximate richer supervision than any
single dataset can provide, with careful attention to shared-
modality overlap, data informativeness, and domain shift.

5.1. Limitations & Future Work

While our results demonstrate that molecularly informed
supervision can transfer effectively across modalities, sev-
eral limitations point to clear opportunities for future work.
First, because our image inputs are patch-level, each ex-
ample aggregates signals from multiple cells, which limits
cell-resolved supervision. As spatial data at sub-cellular res-
olution is increasingly becoming available, we expect our
approach to further improve trimodal model perfomance by
aligning true single-cell data across all modalities.

Second, we chose state-of-the-art modality backbones and
focused this work on a systematic comparison of training
regimes. Future work can explore alternative encoders, pa-
rameter freezing and adapter mechanisms to better cope
with heterogeneity in the data (e.g., bulk, single-cell, and
spatial transcriptomics) and potentially improve alignment.

Third, although we evaluate on established benchmarks cov-
ering representative modality pairs, the clinical and biologi-
cal space is far broader. Expanding evaluation to additional
tissues and tasks, and out-of-distribution testing across scan-
ners and gene expression profiling assays will be necessary
to foster wider data compatibility of our model.
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A. Proof & Discussion of the Lemma

Intuition: We declare the reference modality as an angular ruler to decompose each embedding into its component along
the reference and an orthogonal residual. The positive constraints make both projections large and the residual term small
(by Cauchy—Schwarz), yielding a uniform lower bound on the positive score, while the negative constraint caps the negative
projection and the same residual control yields a uniform upper bound on each negative score. Substituting these two bounds
into the InfoNCE and upper-bounding the log-sum by /V times the worst-case gap gives the stated per-sample bound, which
tightens as € | and 7 |..

Analogously to modalities Z, G, 7 in the main text, here we use A, B, C..

Lemma 3.1 (Per-sample InfoNCE bound for Z— 7). Given a query =¥, its matched (but unobserved) x] , and N unpaired
xz, e ,x]TN contrastive negatives, define

T z T

t = <ZzI’ 2 >a S]: = <Zivzjk>'

S

Let T > 0 be the temperature. If (P) and (N) hold with margins (€, n), then the loss {; across modalities T and T is bounded
by e and n:

N
S —é+)/T < log(1 r(em)/T
Z < log(1+ Ne ,
{15545 )
where 1(€,n) = q(e,n) — p(e) with p(€) = 2(1 —€)> — 1 and q(e,n) = max{n, (1 —€)n} + v/2¢ — €2.

Proof. Proof idea. To bound ¢; we (i) lower-bound the positive score s (the numerator) and (ii) upper-bound each negative
score s;, (the denominator). We proceed with both bounds.

(i) Lower-bounding the numerator (positive A-C' score). Assume (a;, Bz> >1—ecand <137, ¢i) > 1 — e from (P). Decompose
a; and ¢; into the part along b; and the residual orthogonal to b;:

) by + (&i - <di78i> 87,)7
= (E4,b3) by 4 (& — (¢4,b3) b))
By bilinearity, with explicit multiplication and orthogonality indicated,

(i, i) = [ bi) b+ (@i = (s, bi) b2) |, [ bid b+ (6 = (@B By) |)

—_—— —_—
1 b; 1 b;
= (g, bi) (€4, b;) (biy bi) +(as, by) (biy & — (G1,05) bi) +(é, bi) (@i — (@i, bi) by, bi)
= =0 =0

+ (a; — (@i, bi) by, & — (G, bi) by)
= (@i, b;) (¢, b;) + (a; — (@i, b3) by, & — (6, b3) by ) bi).
Apply Cauchy—Schwarz to the residual inner product:
(i, ¢) > (@, bi) (Ci,bi) — |Jas — (@i, ba) bal| ||es — (21, b:) b |-

Since [|ai|| = [|b:]| = [|&] = 1,

lla: — (@i, bs) bil| = \/1 — (@, bi)2,

Let o := (al, ;) and B := (¢, z> by (P), o, 8 € [1 — ¢, 1]. Thus

(i, ¢) > af—V1—a?y/1— 2
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The right-hand side is minimized over o, 8 € [1 —¢,1] at« = § = 1 — ¢, giving

(i) > (1= = (1-(1-9?) = 2(1-¢° =1 = p(e).

(ii) Upper-bounding the denominator (negative A—C' scores). Let j # i. Decompose a; and ¢; along bi:
a; = <(A11, lA)l> i)z + (dz - <du l;z> éz)a 6] - <6J7 él> 81 + (6J - <é]’ l;l> l;l)

As above, cross terms vanish:

(A, &) = (@i, bi) (&5, bi) + (@i — (@i, bi) bi, & — (&5, 0:) bi).
Pivot term: (a;, b;) € [1 —¢,1] and (€5, b;) < n, hence
(@i, bi) (65, b)) < max{n, (1 —€)n}.
Orthogonal term: ||a; — (@, b;) b < V1—(1—-¢€2=+2e—€2and ||&; — (¢, b;) b;|| < 1, hence by Cauchy—Schwarz
the residual inner product is at most v/2¢ — €2. Thus

(G;,¢;) < max{n,(1—e)n} + vV2e—¢€ = q(e,n).

Combining the numerator and denominator bounds yields the stated inequality for ¢;. Monotonicity follows because p(e)
is strictly decreasing in € € [0, 1) while ¢(e, n) is increasing in each of € and 7. For the limit: p(e) — 1 as e — 0, and
q(e,n) = —1as (e,n) — (0,—1) since max{n, (1 — €)n} — —1 and v/2¢ — €2 — 0. Therefore ¢(e,n) — p(e) — —2 and
4; <log(1l+ Ne_Q/T), which tends to 0 only if additionally 7 | 0. O

A.1. Discussion of Lemma 3.1

Implicit assumptions. The proof treats (P)—(N) as uniform worst-case margins over the evaluation set, whereas InfoNCE
optimizes an average; to instantiate the bounds in practice, one could choose € and 1 from held-out/evaluation statistics,
but this is not the main point of this bound. We assume each anchor b; has a single intended positive ¢;; if multiple ¢’s
legitimately match b;, exclude those pairs from the negative set or use a multi-positive protocol, otherwise (N) is contradicted.
The negative cap n must bound all mismatched pairs that appear at test time; if evaluation introduces harder negatives (larger
corpus or domain shift), update 7 accordingly. Because cosine € [—1, 1], the per-sample bound tightens with better margins
but does not vanish as ¢ — 0 and n — —1 unless 7 — 0 (cf. Lemma 3.1).

Requirements for strong transfer The sufficient condition p(e) > ¢(¢,n) can fail-or the bound loosen—when (i)
supervision is contradictory (true multi-matches treated as negatives), (ii) domain shift makes ¢ 5 an unstable “ruler”, (iii)
evaluation negatives are harder than those used to set 7, (iv) residual components orthogonal to b; are aligned across A and
C (thereby increasing q), (v) the negative set is very large (the loss scales like log(1 + N ela=p)/ ™)), or (vi) evaluation uses
a different similarity than cosine.

B. Extended Cell Type Benchmark Analysis

Baseline optimization: To strengthen the published pathology vision-language model baselines in our analysis, we
assessed their performance on two sets of queries. First, the raw cell type labels, and second a full sentence constructed as A
sample of {label}. The former version outperformed the latter, and so we performed evaluations for all models (including
ours) with that label set. The comparison of label performance is shown in Table 4.

Combining Task-Matching and Transitive Data for Cell Type Prediction Benchmark: We assessed whether the
cell type prediction task benefits from combined transitive representation learning and task modality-matching Z < 7T
data. Interestingly, we observed a slight deterioration of performance that scaled with increasing amounts of task-specific
data (Fig. 8), which is in contrast to our main experiments’ results (Section 4). We attribute this to a lack of task-
relevant information in the 7 <+ 7 QUILT-1M dataset. While that dataset exhibits some levels of predictive performance
(AUROC > 0.5), its information seems to be redundant, and even disrupting, in combination with the transitive data
sources.

This is not entirely unexpected, as most QUILT-1M annotations are coarse-grained. The results underline the importance of
task-relevant data, both in the transitive and the target-matched case.
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Table 4. Comparison of Conch and PLIP Terms Performance. Direct corresponds to raw labels (cell type names). Phrase corresponds to
a constructed sentence

Class Label Conch Terms PLIP Terms
Direct Phrase | Direct Phrase

Adipocytes 0.545 0.518 0.467 0.469
B cells 0.584 0.663 0.538 0.541
Dendritic cells 0.525 0.557 0.485 0.478
Granulocytes 0.631 0.431 0.428 0.413
Macrophages/Monocytes | 0.426  0.327 0.406  0.372
NK cells 0.437 0.337 0.395 0.345
Nerves 0.567 0.525 0.547 0.575
Plasma cells 0.660 0.649 0.496 0.514
Smooth muscle 0.670 0.662 0.630 0.595
Stroma 0.515 0.494 0.363 0.338
T cells 0.426 0.459 0.502 0.476
Tumor cells 0.497 0.613 0.506 0.505
Vasculature/Lymphatics 0.611 0.595 0.579 0510
Mean 0.546 0.525 0.488 0.472

Image — Text (Cell Types/Zero-shot)

Benchmark
modalities

Trimodal
training

Bimodal uosample 0.0 T T T 1
training X ‘ ' L 0 1/512 1/64 1/8 1

Subsampling proportion

Figure 8. Effect of target-matching paired data in combination with transitive data on zero-shot performance on cell type prediction
benchmark.

C. Discussion of metrics and comparison

The patch-level resolution of our model implies a soft-labeled prediction scenario where most patches contain cells of
various types (i.e. classes). An intuitive metric to capture this would be the Kullback—Leibler divergence over the categorical
distribution of cell types. Indeed, we observe strongly improved performance of our trimodal model compared to published
baselines (Fig. 9).

For representing per-class (i.e. cell type) performances, which are biologically most interesting, we found AUROC to be
most expressive, as it considers the model’s continuous CLIP score for the most-represented class in a given patch.

Other scores, such as the commonly employed F1, are less suited for the categorical label setting. Fj rewards models
predictions only in the case where the model assigns the highest score to the model with the highest abundance, neglecting
any other reasonable outputs as equally wrong. In line with this, we observed less coherent and generally weaker results for
F scores across all models (see Table 5).

D. Effects of text annotation harmonization

As the textual annotations for images (Ikezogwo et al., 2023) and gene expression profiles (Schaefer et al., 2025b) have been
generated independently, they differ in style and focus, hindering alignment and information transfer (see Section3.4).

To assess this effect in our textual data, we reformatted all annotations from (Ikezogwo et al., 2023) and assessed their
capability to retrieve their matched images in the dataset through a model that was trained on the other two paired datasets
(Schaefer et al., 2025b; Jaume et al., 2024). Here we provide the specifics on the data curation:
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Reformatting prompt and processing We used GPT OSS 120B(OpenAl et al., 2025) with a prompt that instructed to
rewrite “histopathological image descriptions into biological sample descriptions” with the goal to “transform descriptions
that focus on histological features and pathological findings into descriptions that emphasize the biological sample, cell
types, and experimental context”, drawing from a list of 20 bona fide examples sampled from the transcriptome-text dataset
(Schaefer et al., 2025b). The full prompt is provided in our code repository. The prompted LLM was provided the original
label together with more extensive textual contexts that emerged from the original annotation processing (Ikezogwo et al.,
2023).
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Figure 9. Kullback—Leibler divergence between patch-level predicted and ground truth label distribution. Shown are means across patches
for each of 109 sample images in the PathoCellBench benchmark (Koreuber et al., 2025; Schiirch et al., 2020).

Table 5. Zero-shot cell type prediction performances (F1 score). Best per row is bold; second-best is underlined.

Cell Type Trimodal CONCH  PLIP
Adipocytes 0.0289 0.0000 0.0685
B cells 0.0690 0.0000 0.0427
Dendritic cells 0.0051 0.0000 0.0000
Granulocytes 0.0363 0.0898 0.0000
Macrophages/

Monocytes 0.0653 0.1319  0.0000
NK cells 0.0000 0.0000 0.0000
Nerves 0.0000 0.0053 0.0016
Plasma cells 0.0599 0.1086 0.0000
Smooth muscle 0.2966 0.2058 0.0200
Stroma 0.0535 0.0000 0.0245
T cells 0.0169 0.0000 0.0580
Tumor cells 0.0982 0.1074 0.0010
Vasculature/

Lympbhatics 0.1009 0.0000 0.0174
Mean 0.0639 0.0499 0.0180
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