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ABSTRACT

In computational pathology, effectively capturing visual-
language embeddings from extensive pathology image-text
pairs has become increasingly crucial for diverse downstream
tasks. Although prior studies have fine-tuned models like
CLIP using large pathology image-text datasets, these mod-
els encounter limitations due to their separate processing of
text and images, restricting their ability to capture essential
cross-modal relationships critical in pathology. Recent ad-
vancements in large language models (LLMs) have led to the
development of vision-language models (VLMs) that demon-
strate enhanced multimodal capabilities, including stronger
language comprehension and reasoning skills compared to
CLIP. However, while VLMs show potential for multimodal
embedding, previous efforts have primarily focused on text-
based tasks, leaving their application to multimodal pathology
data largely unexplored. In this work, we introduce a VLM-
based framework designed to integrate and align pathology
visual-language embeddings within a single model. We val-
idate our framework’s effectiveness through cross-modal
retrieval on pathology image-caption datasets and zero-shot
patch classification across seven pathology image datasets,
demonstrating its superiority over CLIP-based models and
underscoring its potential for advancing pathology research.

Index Terms— computational pathology, visual-language
model, contrastive learning, zero-shot learning

1. INTRODUCTION

The gold standard for diagnosing various diseases remains ex-
pert assessment by pathologists [1, 2]. Computational pathol-
ogy, which uses deep learning methods, has shown great suc-
cess across a range of tasks, from metastasis detection to can-
cer subtyping, survival prediction, and unknown primary ori-
gin site prediction [2, 3, 4]. Despite these advancements,
the current paradigm typically requires large cohorts of la-
beled data for training specific models for individual tasks.
Given the diversity of diseases and the labor-intensive nature
of labeling, it is impractical to train separate models for each
pathology task [3]. Nowadays, numerous pathology image-
text pairs are available from resources like online databases
and textbooks, which capture valuable domain-specific visual

and textual information [5, 6]. Leveraging these image-text
pairs to obtain multimodal embeddings is crucial, as such em-
beddings can support a variety of downstream tasks, poten-
tially bypassing the limitations of fully supervised models [3].

The CLIP model [7] has demonstrated remarkable effec-
tiveness in natural images by well-aligning visual-language
embedding spaces. This success has been transferred to the
field of computational pathology, where recent studies [6, 3]
have fine-tuned CLIP [7] using extensive pathology image-
text pairs crawled from public websites, which can capture
a better pathology visual-language embeddings for several
downstream zero-shot tasks. However, despite these advance-
ments, CLIP [7] has inherent limitations [8]. Its separate pro-
cessing of text and images restricts the model’s ability to fully
capture the intricate relationships between these modalities,
which are also essential in the pathology context.

With the success of LLMs, VLMs extend LLMs to handle
multimodal information [9]. Compared to CLIP [7], VLMs
exhibit enhanced language comprehension, reasoning abil-
ities, and multimodal understanding, along with improved
instruction-following capacities. However, the application
of VLMs to multimodal embedding representation remains
largely unexplored [8]. To address these challenges, recent
research [8], such as E5-V [8], has explored the potential
of covering LLMs and VLMs into embedding models. No-
tably, E5-V [8] has proposed fine-tuning VLM with specific
prompts on text data to represent multimodal inputs as em-
beddings. Yet, these approaches remain text-based and have
not been extended to pathology images.

In this work, we introduce the first VLM-based frame-
work for capturing and aligning pathology visual-language
embeddings. Unlike the CLIP-based framework, our ap-
proach unifies vision and language embeddings within a
single model, significantly improving the capacity to cap-
ture cross-modal relationships. We validate the effective-
ness of our framework through comprehensive experiments
on two tasks: cross-modal retrieval on pathology image-
caption datasets and zero-shot patch classification across
seven datasets of patch-level pathology images. Our quantita-
tive results indicate that our framework effectively represents
multimodal information, achieving superior performance on
all tasks compared to CLIP-based models.
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Fig. 1. The architecture of our proposed framework. This framework uses a VLM as the backbone to comprehensively integrate
image and text features. By unifying images and texts into the same embedding space with specifically designed prompts, our
proposed framework improves multimodal embeddings on image-text pairs using contrastive learning.

2. METHOD

The architecture of our framework is illustrated in Fig. 1.
Initially, we design prompts to guide the VLM in generating
embeddings (Sec. 2.1). Next, we align vision and language
embeddings using contrastive learning (Sec. 2.2). Once pre-
training is complete, we transfer the model to perform zero-
shot pathology tasks in downstream applications (Sec. 2.3).

2.1. Using VLM to get embeddings

We employ a prompt-based representation method with
VLMs inspired by E5-V [8]. The key idea is using spe-
cific prompts to instruct VLMs to represent the inputs into
words. Given a VLM H and an image-text pair (x, c). We ap-
ply the prompt <image> \n Summarize the above
image in one word: <text> \n Summarize the
above sentence in one word: to represent image
x and text c to get image input xinput and text input cinput,
where <image> and <text> are the placeholders for im-
age x and text c. Then we feed this input (xinput, cinput) to the
VLM H to get the image and text embedding (v, t), which
is the vector of the last token obtained from the final layer of
the VLM output.

2.2. Vision-language contrastive learning

Given a batch of N paired image and caption samples
{(xn, cn)}n=1,...,N and a VLM H , for each sample (xi, ci),
we feed them into VLM H to get the image and text embed-
dings (vi, ti) as described in Sec. 2.1. Our goal is to con-
struct a visual-language embedding space from paired image-
text data, that satisfies sim(vi, ti) ≫ sim(vi, tj), i ̸= j,
where the sim denotes the similarity of image embed-
ding v and text embedding t, we apply cosine function

to calculate the similarity. Therefore, we optimize an in-
foNCE contrastive Loss to train our model, which is Lvt =
−(log

exp(cos(vi,tj)/τ)∑n
j=1 exp(cos(vi,tj)/τ)

+log
exp(cos(ti,vj)/τ)∑n
j=1 exp(cos(ti,vj)/τ

)), i ̸=
j, where vi and ti are the embeddings for the aligned i-th
image and text pair, τ denotes a temperature parameter, and
cos(vi, ti) and cos(ti,vi) denote the two directions of con-
trastive learning.

2.3. Zero-shot transfer for pathology downstream tasks

The CLIP model [7] introduced a method using prompts for
zero-shot classification. In this method, each class name is
converted into a sentence by attaching to a specific template.
For instance, the class name “Muscularis Mucosa” is ex-
panded using the template “An H&E image of { }” to form
the sentence “An H&E image of Muscularis Mucosa.” We
expand each class name into a sentence using this template.
Subsequently, our pre-trained model calculates embeddings
for these sentences and for test images, and their similarity
is measured as in Sec. 2.2. The labels of the test images are
then determined based on the highest similarity scores.

3. EXPERIMENTS

3.1. Experiment settings

We use LLaVA-NeXT-8B [9] as our backbone and fine-tune
the checkpoint from E5-V [8] with our training data. All the
images are resized to 336 × 336 pixels. We adopt Open-
path [3] and Quilt1M [6] as our training data. We evaluate
the model on two downstream tasks: cross-modal retrieval
and zero-shot patch classification. For cross-modal retrieval
task, we use the Recall@K metric. Accuracy and weighted
F1 metrics are used for zero-shot patch classification tasks.
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Task Model Arch-PubMed Arch-book
Recall@1 Recall@10 Recall@50 Recall@1 Recall@10 Recall@50

i2t

PLIP [3] 0.010 0.067 0.185 0.030 0.152 0.393
QuiltNet [6] 0.018 0.133 0.324 0.041 0.168 0.399

E5-V [8] 0.004 0.011 0.042 0.003 0.018 0.067
Ours (Openpath) 0.027 0.144 0.344 0.051 0.214 0.506
Ours (Quilt1M) 0.036 0.182 0.399 0.064 0.244 0.497

t2i

PLIP [3] 0.008 0.067 0.181 0.033 0.164 0.419
QuiltNet [6] 0.020 0.114 0.296 0.028 0.204 0.429

E5-V [8] 0.006 0.022 0.072 0.004 0.026 0.111
Ours (Openpath) 0.028 0.146 0.349 0.056 0.244 0.541
Ours (Quilt1M) 0.039 0.164 0.409 0.064 0.297 0.584

Table 1. Performance comparison with PLIP [3], QuiltNet [6] and E5-V [8] on two retrieval datasets. Recall metrics are
reported. Task i2t and t2i denote image-to-text and text-to-image retrieval, respectively. Ours (Openpath) and Ours (Quilt1M)
denote our model pre-trained on Openpath [3] and Quilt1M [6], respectively. Bold fonts illustrate the best performance.

Model BACH CRC-100k SkinCancer LC25000 RenalCell SICAP WSSS4LUAD
acc wF1 acc wF1 acc wF1 acc wF1 acc wF1 acc wF1 acc wF1

PLIP [3] 0.266 0.138 0.449 0.420 0.332 0.346 0.655 0.664 0.495 0.419 0.142 0.070 0.443 0.385
QuiltNet [6] 0.441 0.403 0.464 0.415 0.351 0.298 0.401 0.344 0.376 0.382 0.167 0.166 0.396 0.399

E5-V [8] 0.276 0.165 0.248 0.132 0.040 0.016 0.202 0.072 0.159 0.049 0.197 0.174 0.253 0.104
Ours (Openpath) 0.424 0.377 0.607 0.573 0.399 0.356 0.653 0.613 0.404 0.416 0.484 0.480 0.459 0.378
Ours (Quilt1M) 0.516 0.450 0.477 0.453 0.412 0.398 0.677 0.665 0.500 0.493 0.599 0.601 0.523 0.467

Table 2. The comparison of zero-shot patch classification between different models. Accuracy (acc) and weight F1 score (wF1)
are reported. Bold fonts illustrate the best performance.

3.2. Cross-modal retrieval Results

In Table 1, we demonstrate that our proposed models out-
perform the baseline models across two different datasets
on cross-modal retrieval tasks. For the image-to-text (i2t)
retrieval task, our model trained on the Openpath [3] dataset
outperforms the PLIP [3] model on both datasets, despite
both models using identical training data. Specifically, on
the Arch-PubMed dataset, our model achieves a Recall@10
of 0.144, which is more than 7% higher compared with
PLIP [3]. Similarly, our Quilt1M [6] pre-trained model out-
performs QuiltNet [6] on both datasets. On the Arch-book
dataset, it achieves a Recall@50 of 0.497, representing a 10%
improvement. A similar trend is observed for the text-to-
image (t2i) retrieval task. Our model surpasses PLIP [3] on
both datasets, with the most significant improvement seen in
Recall@50, reaching 0.541 on the Arch-book dataset com-
pared to PLIP’s 0.419. Our Quilt1M [6] pre-trained model
further advances this lead by achieving a Recall@50 of 0.584.
All these results demonstrate that our framework effectively
captures visual language relationships even within the same
data constraints. Notably, the E5-V [8] model, which shares
the same architecture as our models but lacks fine-tuning
on pathology data, exhibits substantially lower recall scores
across all tasks and datasets. This difference highlights the
importance of fine-tuning with pathology data.

3.3. Zero-shot classification Results

We also compare the zero-shot patch classification perfor-
mance of different models across eight datasets (Table 2).
Our models pre-trained on Openpath [3] and Quilt1M [6]
consistently outperform the baseline models, highlighting the
benefits of our framework and the importance of domain-
specific pretraining. For example, on the BACH [10] dataset,
our model pre-trained on Quilt1M [6] achieves the highest
accuracy and wF1 (0.516 and 0.450, respectively), exceeding
the CLIP-based QuiltNet [6] model by over 7% in accu-
racy. Similarly, on the CRC-100K [11] dataset, the Openpath
model achieves the highest accuracy and wF1 (0.607 and
0.573), significantly outperforming PLIP [3], which also uti-
lizes the Openpath [3] dataset. These results highlight our
model’s superior feature extraction and classification capabil-
ities within the same data constraints. On other datasets, such
as SkinCancer [12] and RenalCell [13], our model achieves
consistently superior performance, demonstrating high adapt-
ability across various pathology domains. Notably, on the
LC25000 [14] dataset, our model trained on Quilt1M [6]
achieves a wF1 of 0.665, approximately 60% higher than
E5-V [8], a VLM-based model without pathology-specific
fine-tuning. This finding emphasizes the importance of train-
ing with pathology-relevant data, further validating the effec-
tiveness of our framework.
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4. CONCLUSION

This study presents a VLM-based framework specifically de-
signed for capturing and aligning pathology visual-language
embeddings. Unlike CLIP-based methods, our framework
uses a unified model to integrate vision and language modal-
ities, enhancing cross-modal relational understanding. Ex-
tensive evaluations on cross-modal retrieval and zero-shot
classification tasks demonstrate that our framework outper-
forms CLIP-based models. Our study provides a foundation
for future exploration of VLM applications in computational
pathology, emphasizing the role of advanced multimodal
techniques in improving diagnostic and research capabilities.
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