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Abstract
Wireless Capsule Endoscopy (WCE) is a minimally invasive

diagnostic tool for examining the gastrointestinal tract, but the
interpretation of large amounts of WCE image data demands ex-
tensive manual efforts and expert knowledge. Deep learning of-
fers a promising approach to automate WCE data analysis, but
training robust models is hindered by the scarcity of large-scale,
high-quality labeled data in the WCE domain. This study explores
the use of Contrastive Language-Image Pre-training (CLIP), a
vision-language model pre-trained on extensive image-text pairs,
to address these challenges in deep learning for WCE. We focus
on caption retrieval and pathology classification tasks, using the
CAPTIV8 dataset, a multi-modal WCE dataset containing image-
diagnostic text pairs. After customizing the dataset for deep learn-
ing tasks, we conducted experiments comparing CLIP with state-
of-the-art vision models. The results demonstrated that CLIP
performs better than vision-only models, particularly in small-
sample regimes such as one-shot and few-shot setups. By replac-
ing the original CLIP loss with a KL-divergence loss, we further
enhanced the model’s ability to handle multiple positive pairs in a
mini-batch during the training, to further attune learning for this
specific medical domain.

Introduction
Wireless Capsule Endoscopy (WCE) is a minimally invasive

diagnostic tool designed to examine the gastrointestinal tract. A
small, swallowable capsule equipped with a camera, light source,
and wireless transmitter captures high-resolution images as it tra-
verses the digestive system. These images are transmitted to an
external receiver for analysis. WCE offers detailed visualization
of the gastrointestinal tract without requiring sedation or invasive
instrumentation. However, analyzing WCE videos remains labor-
intensive and time-consuming, as each recording spans hours and
requires expert interpretation, making the process costly. Recent
advancements in deep learning present a promising direction for
automating the analysis of WCE data, enabling efficient and ac-
curate diagnosis [1–5]. However, the development of robust deep
learning models in the medical domain faces a key obstacle: the
scarcity of accessible high-quality labeled data. Annotating med-
ical datasets requires specialized domain knowledge, making the
process labor-intensive and expensive. Moreover, collecting suf-
ficient medical data is further constrained by privacy regulations.

To address the challenge of limited labeled data, Vision-
Language Pre-training (VLP) has emerged as a promising ap-
proach. Vision-Language Models (VLMs) combine visual and
textual information to learn joint representations of images and
text. Unlike vision-only models that rely solely on extracting im-
age features, VLMs incorporate accompanying textual descrip-

tions to provide additional semantic context, enhancing the effec-
tiveness and robustness of visual representations. VLP combines
VLM with the concept of pre-training, a process where models
are trained on large-scale datasets to learn generalizable represen-
tations that can be fine-tuned for specific downstream tasks. By
pre-training on large-scale image-text pairs, VLPs are highly ver-
satile for zero-shot and few-shot learning scenarios.

This study focuses on investigating the use of Contrastive
Language-Image Pre-training (CLIP) [6], a state-of-the-art VLP
model, on the publicly available CAPTIV8 dataset [7], a joint
image-text dataset specific to the WCE domain. In this study, we
focus on two key tasks: caption retrieval and pathology classifica-
tion. The caption retrieval task involves identifying the most ap-
propriate textual description for a given WCE image from a set of
candidate captions. Beyond its clinical relevance, this task serves
as a benchmark for evaluating the model’s ability to learn and
align joint visual-textual representations. Superior performance
in caption retrieval indicates the model’s effectiveness in captur-
ing meaningful cross-modal relationships. The pathology classifi-
cation task involves categorizing WCE images into clinically sig-
nificant pathological classes, including inflammation, polyps, and
angioectasia. However, current methods often struggle to fully
exploit the semantic alignment between images and their textual
counterparts, particularly in scenarios where multiple valid cap-
tions correspond to similar or sequential images. This limita-
tion becomes more pronounced in WCE data, where consecu-
tive video frames frequently depict the same or closely related
pathological findings, resulting in multiple positive image-text
pairs within a single batch. to address this we propose a mod-
ification to CLIP’s original contrastive loss function, Instead of
relying solely on pairwise contrastive objectives, we incorporate
a KL-divergence based loss that explicitly accounts for multiple
positive pairs within a batch. This adjustment enables the model
to learn more richer and flexible joint representations.

Our experiments demonstrate that CLIP performs better than
vision-only vision models, particularly in small-sample regimes
(e.g., one-shot and few-shot setups). Furthermore, the KL-
divergence loss we proposed improved the performance and ro-
bustness of CLIP in the WCE application.

Background
In the field of computer vision, VLP have emerged as a hot

research focus. According to Chen et al. [8], the first step in VLP
is to extract features from both image and text inputs. Convo-
lutional Neural Networks (CNNs), which have historically been
effective for visual feature extraction, continue to play a role in
VLP. However, the advent of Transformers in natural language
processing has significantly influenced computer vision method-
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ologies. Transformers, originally introduced by Vaswani [9]for
natural language processing tasks, revolutionized sequence mod-
eling by introducing the self-attention mechanism, which allows
for capturing global dependencies efficiently. Vision Transformer
(ViT) [10] extended Transformer architectures to the computer
vision domain by dividing images into small patches and treat-
ing them as tokens, akin to words in natural language process-
ing tasks. Liu et al. [11] improve ViT by incorporating a hier-
archical structure with shifted windows to achieve efficient com-
putation and better leverage context information. The success of
transformer-based methods has led to their widespread adoption
in VLP for extracting image features. For text features, BERT
[12], a large pre-trained language model, is widely used in VLP
due to its versatility and strong contextual understanding.

To jointly learn features extracted from images and text, VLP
models often employ contrastive learning, a technique that aligns
representations of paired inputs in a shared latent space. Con-
trastive learning was originally developed for uni-modal vision
models [13]. Zhang et al. [14] introduced contrastive representa-
tion learning for image-text pairs in the medical imaging domain,
showcasing the potential of this technique in aligning modality
specific representations. Building on these foundations, OpenAI
introduced Contrastive Language-Image Pre-training (CLIP) [6]
in 2021. By leveraging contrastive learning to be trained on an ex-
tensive dataset of 400 million image-text pairs sourced from pub-
licly available internet data, CLIP has exhibited remarkable per-
formance on zero-shot scenarios and several downstream tasks.
CLIP’s ability to generalize across domains without task-specific
fine-tuning has made it a cornerstone for VLP research.

Given its generalizability, CLIP has been adapted for vari-
ous domains and downstream tasks. A large number of studies
focus on adapting and improving CLIP. Wang et al. [15] utilize
CLIP in action recognition for videos where they propose using
soft similarity-distributions between video0-caption pairs that are
not exactly one-hot to encourage matching a caption to multiple
videos and vice-versa. Similarly, Gao et al. [16] proposed Soft-
CLIP, which relaxed the strict constraint of one positive pair per
batch in the original CLIP framework. Other studies focus on ef-
ficiently fine-tuning CLIP. Zhou et al. [17] adapted the prompt
learning paradigm from the natural language domain to CLIP, in-
troducing learnable text prompts to guide the model. Building on
this, Khattak et al. [18] proposed a self-regulating prompt mecha-
nism to mitigate overfitting during fine-tuning. Fan et al. [19] pro-
posed a method to improve CLIP training by utilizing language
generative models to rewrite textual prompts.

Adapting VLP models to the medical domain presents
unique challenges, particularly the scarcity of high-quality paired
data. To address this, Wang et al. [20] introduced MedCLIP,
which leveraged large-scale unpaired data for training. Similarly,
Zhang et al. [21] proposed BiomedCLIP, re-training CLIP on 15
million image-text pairs extracted from biomedical research arti-
cles in PubMed Central. To leverage the corresponding medical
reports that contain detailed descriptions, GLoRIA [22] proposed
a framework that jointly learns global and local representations
for medical images by contrasting image sub-regions and words
in the paired report.

Constrained by the scarcity of labeled data, deep learning
research in WCE has lagged behind other medical domains. Ex-
isting studies predominantly rely on uni-modal methods, focusing

primarily on CNNs. For example, Masmoudi et al. [23] utilized
CNNs for ulcer classification. Similarly, Fernandes et al. [24] ex-
plored CNN-based approaches for image retrieval tasks in WCE
datasets. Lafraxo et al. [25] proposed a two-stage method for
detecting bleeding, combining CNN for feature extraction with
gated recurrent units for classification. Despite these advance-
ments, the performance and potential of VLP in WCE remain
open research questions.

Methodology
Dataset

The CAPTIV8 dataset ([7]) is an image-text dataset specifi-
cally created for WCE. It consists of frames and short video seg-
ments extracted from WCE examination videos, from 10 patients
diagnosed with ulcerative colitis. Alongside the visual data, the
dataset includes alphanumeric metadata such as diagnostic sum-
maries and histopathology reports. Experienced gastroenterolo-
gists utilized the Rapid Reader software to annotate clean and rep-
resentative frames, distinguishing between normal and abnormal
observations and providing corresponding descriptions of diag-
nostic text. In total, the dataset has 1,352 annotated frames. Ex-
amples of images and their descriptive text are shown in Figure 1.

Figure 1: Examples of selected frame and corresponding descrip-
tive text in the CAPTIV8 dataset.

Annotation Refinement for Clinical Data
The raw clinical annotations in the dataset present signifi-

cant challenges for learning. These challenges manifest as: (1)
varying detail granularity, where some annotations include di-
agnostic conclusions (e.g., ”colitis”) while others contain only
frame-specific observations such as ”inflammation and ulcer”; (2)
syntactic inconsistencies in formatting, whereby the same clinical
findings are expressed differently (e.g., ”erosion with fibrin, re-
duced vascularity” versus ”reduced vascularity, erosion, fibrin”);
and (3) presence of rare abnormalities, providing insufficient ex-
amples for learning.

To address these limitations, we perform annotation refine-
ment on the dataset to generate standardized caption labels and
clinically meaningful category labels. The caption labels were
derived through text-refinement, retaining only clinically rele-
vant entities/terms in images for learning. These captions were
then mapped to higher-level category labels under clinical guid-
ance. This consolidated (pathophysiologically) related abnormal-
ities into a single diagnostic category-for example, mapping re-
duced vascularity, fibrin deposition and edema to a single ”in-
flammation” category. Algorithm 1 details this step. The re-
sulting taxonomy comprises seven diagnostic categories: inflam-
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mation, polyp, hemorrhoid, biopsy lesion, angioectasia, lipoma,
and normal to be used during evaluation of the trained vision-
language representations through classification tasks. The dataset
was split into 896/105/267 samples for training/validation/testing,
maintaining balanced category distribution across all partitions.

Algorithm 1 Hierarchical Refinement of Clinical Annotations

Require: Raw text T associated with WCE image
Ensure: Refined caption C and category label Y

1: /* Caption Label */
2: Initialize clinically relevant entity set E ← {inflammation,

angioectasia, reduced vascularity, . . .}
3: L← /0 ▷ Initialize empty list for extracted entities
4: for each entity e ∈ E do
5: if e appears in T then
6: L← L∪{e} ▷ Extract entities from raw description
7: end if
8: end for
9: for each entity e ∈ L do

10: ▷ Remove modifiers such as anatomical
locations (e.g., “in the duodenum”), adjectives (e.g., “mild”),
and broader diagnostic interpretations. This ensures that the
labels capture only the core visual concepts.

11: e← standardized(e)
12: end for
13: L← L\{food residue,bubbles, . . .} ▷ Filter

non-diagnostic entities
14: C← Join(L,delimiter = ‘, ′) ▷ Generate caption label
15: /* Category Label */
16: Initialize category mapping M : E → Y where Y =
{inflammation, polyp, . . .}

17: M [reduced vascularity]← inflammation

18: M [fibrin]← inflammation

19: M [erosion]← inflammation

20: M [edema]← inflammation

21: M [polyp]← polyp

22: M [ulcer]← ulcer

23:
... ▷ Additional entity-category mappings

24: Y ← /0 ▷ Initialize empty set for category labels
25: for each entity e ∈ L do
26: Y ← Y ∪{M [e]} ▷ Map entities to categories
27: end for
28: if Y = /0 then
29: Y ←{normal} ▷ Default to normal if no abnormalities

detected
30: end if
31: return C,Y ▷ Return both caption and category labels

We use CLIP [6] as our base model. The CLIP architec-
ture comprises dual encoder pathways, an image encoder fI(·)
and a text encoder fT (·) that project their respective inputs into
a shared semantic embedding space. During training, these en-
coders process paired endoscopic images and their corresponding
clinical caption labels in batches (Figure 2). The representations
extracted by each encoder are L2-normalized and linearly pro-
jected into a shared d-dimensional latent space, enabling direct
computation of cross-modal semantic similarities. The alignment
between modalities is achieved through a bidirectional contrastive

learning objective that optimizes the model to maximize the simi-
larity between semantically corresponding image-text pairs while
minimizing similarity between non-corresponding pairs (Eq. (1)).

For a training batch of size N, the model processes N2 po-
tential image-text combinations - N positive pairs (highlighted in
blue in Figure 2) and N2−N negative pairs. The contrastive ob-
jective for image-to-text alignment is formulated as:

Limg =−
1
N

N

∑
i=1

log
exp(sim(Ii,Ti)/τ)

∑
N
j=1 exp

(
sim(Ii,T j)/τ

) , (1)

where sim(·, ·) is the cosine similarity. Ii and Ti denote the i-
th image and text representations in the multimodal embedding
space respectively. τ is a learnable temperature parameter. Simi-
larly, the objective for text-to-image pairing is formulated as:

Ltxt =−
1
N

N

∑
i=1

log
exp(sim(Ti,Ii)/τ)

∑
N
j=1 exp

(
sim(Ti,I j)/τ

) . (2)

Finally, the CLIP model is optimized with the loss function of the
average of these two losses:

L =
Limg +Ltxt

2
. (3)

Pre-training
The visual-encoder, either Resnet-based [26] or ViT-

based [10] extracts visual features, while the BERT-based [27]
text-encoder processes textual input.

Handling False Negatives
A fundamental limitation of CLIP’s conventional contrastive

learning paradigm is its restrictive one-to-one correspondence as-
sumption between images and textual descriptions. In the original
CLIP framework, each mini-batch constructs a similarity matrix
where only diagonal elements (representing paired image-text in-
puts) are considered positive matches, while all off-diagonal ele-
ments are treated as negative pairs. This approach is suboptimal
for medical images where multiple frames can share pathological
features and, consequently, share caption labels creating multi-
ple potential positive matches for a single image or text input.
Under CLIP’s standard contrastive formulation, these additional
positive pairs are erroneously penalized as false negatives, intro-
ducing noisy supervision signals that may impede effective mul-
timodal alignment.

To address this challenge, we introduce a simple yet effective
modification that allows multi-positive contrastive learning that
accommodates the many-to-many relationships inherent in sev-
eral domains including medical. Rather than enforcing a strict
diagonal-only positive pair structure, our modified similarity ma-
trix Q assigns a value of 1 to all valid image-caption pairs that ex-
hibit true semantic correspondences, regardless of their position
in the batch matrix as seen in Figure 3. Through this adaptation,
the learning objective can be adapted from a 1-in-N classification
problem to a distribution matching problem. The multiple posi-
tives imply that for a given image (i), multiple text descriptions
may be equally valid matches, creating a non-sparse distribution
over predicted similarities Q(i, ·).

IS&T International Symposium on Electronic Imaging 2026
Generative AI 2026 175-3



Figure 2: Diagram of CLIP architecture.

Figure 3: Diagram of replacing CLIP’s original loss function with KL-divergence loss for contrastive learning.

The proposed loss for image-to-text and text-to-image are
formulated as:

Pimg(i, j) =
exp

(
sim(Ii,T j)/τ

)
∑

N
k=1 exp(sim(Ii,Tk)/τ)

, (4)

and

Ptxt(i, j) =
exp

(
sim(Ti,I j)/τ

)
∑

N
k=1 exp(sim(Ti,Ik)/τ)

, (5)

Finally, the bi-directional objective used to optimize the model is:

LKL =
1
2
(

1
N

N

∑
i=1

DKL(Q(i, ·)∥Pimg(i, ·))+

1
N

N

∑
i=1

DKL(Q(·, i))∥Ptxt(i, ·)), (6)

where target distribution Q(i, j) is constructed by applying thresh-
olds m+ and m− to the raw similarity scores : pairs with similarity
above m+ are treated as positives, while those below m− are nega-
tives. This allows multiple positives to be assigned within a single
batch. The final loss is an average KL-divergence between Q and
the predicted distributions in both directions,

L =
1
N

N

∑
i=1

N

∑
j=1

Q(i, j)max(0,m+− sim(Ii,Tj))+

(1−Q(i, j))max(0,sim(Ii,Tj)−m−(i)) (7)

Inference: Caption-Retrieval
This task aims to identify the most relevant caption for a

given image from a predefined set of candidate captions. The
inference procedure is shown in Figure 4 and summarized as fol-
lows:

1. Image encoding: The image is passed through the image
encoder to generate its embedding in the multimodal em-
bedding space.

2. Text encoding: To ensure consistency with the fine-tuning
stage, textual inputs are formatted using the same prompt
templates employed during training. Specifically, each can-
didate caption is prefixed with “endoscopy image with”
before the medical description. The resulting text is then
passed through the text encoder to generate embeddings in
the same multimodal space.

3. Similarity computation: Cosine similarity is computed be-
tween the image embedding and each candidate text embed-
ding.

4. Prediction: The caption with the highest similarity to the
image embedding is selected as the prediction.

Inference: Classification
While caption labels provide rich semantic descriptions and

may include one or more abnormalities observed in an image, cat-
egory labels consist of a single word indicating a specific pathol-
ogy. As a result, they offer substantially less semantic informa-
tion. Due to this difference, we do not treat category labels as tex-
tual inputs for fine-tuning CLIP. Instead, we adopt a classification-
based approach, in which a set of fully connected (FC) layers is
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Figure 4: Diagram of the procedure of using CLIP for the inference of matching captions.

appended to the image encoder of a fine-tuned CLIP model to
perform pathology classification.

In this setup, only the image encoder component of CLIP
that is already fine-tuned on image-caption pairs is used. The im-
age encoder extracts feature embeddings from input images which
are then passed through the FC layers, which serve as a classifier
to predict the pathology category. Figure 5 shows this pipeline.

During training, the weights of the fine-tuned image encoder
are frozen, ensuring that only the FC layers are trained. Given the
highly imbalanced category distribution in our dataset, we em-
ployed a weighted cross-entropy loss to optimize the model.

Results and Discussion
Training Configuration

We selected the ViT-L/14@336px CLIP model. To fine-tune
the models, we use the Adam (Adaptive Moment Estimation) op-
timizer [28]. As suggested by Liang et al. [29], fine-tuning CLIP
models benefit from a small initial learning rate. Therefore, we
set the initial learning rate to 1× 10−6. However, when train-
ing CLIP, a larger batch size may increase the risk of including
multiple images with the same caption in a mini-batch, which
can adversely impact training effectiveness when using CLIP’s
original loss function. To determine the optimal batch size un-
der our GPU’s memory constraints, we tested different configura-
tions. The results, presented in Table 1, indicate that a batch size
of 8 offers the best trade-off. Therefore, we selected a batch size
of 8 for our experiments.

Table 1: Performance comparison with fine-tuning CLIP (ViT-
L/14@336px) on different batch size.

Batch Size ACC1 [%] ACC5 [%]

16 33.64± 3.26 70.24 ± 2.30
8 35.26 ± 2.00 70.42 ± 2.71
4 32.18 ± 2.14 67.51 ± 3.62

Performance Comparison
We compare our method with state-of-the-art vision-only

models, including VGG19, ResNet50, ViT-L/16, and Mo-
bileNetV3. All vision-only models were initialized with weights
pre-trained on ImageNet-1K, accessed via TorchVision [30].

Caption Retrieval
For the caption retrieval task, we fine-tuned CLIP on pairs

of images and caption labels and employed the inference pro-
cess to identify the matching captions. To provide a comparison
with vision-only models, we treated caption labels as class names
and reformulated the task as a standard classification problem for
vision-only models. The results are presented in Table 2.

Table 2: Caption retrieval performance. ACC 1 denotes the Top-
1 accuracy score, and ACC 5 denotes the top-5 accuracy score.
Bold font highlight the highest average score within every setup.

Model Setup ACC 1 [%] ACC 5 [%]

Zero-shot CLIP (ViT-B/16) zero-shot 8.60 36.83

CLIP (Original Loss)
one-shot 14.34 ± 2.46 43.45 ± 2.73
four-shot 19.57 ± 1.24 51.05 ± 5.03
full-set 35.26 ± 2.00 70.42 ± 2.71

CLIP (KL Loss)
one-shot 14.98 ± 2.73 37.77 ± 4.99
four-shot 24.12 ± 2.50 60.78 ± 2.06
full-set 39.89 ± 1.44 67.67 ± 4.58

VGG19
one-shot 7.91 ± 2.65 36.00 ± 3.68
four-shot 9.43 ± 1.82 32.44 ± 7.97
full-set 26.73 ± 3.15 65.87 ± 2.81

ResNet50
one-shot 11.69 ± 2.66 40.75 ± 8.86
four-shot 18.26 ± 3.13 50.83 ± 3.83
full-set 31.53 ± 3.44 72.44 ± 5.53

ViT-L/16
one-shot 7.22 ± 1.79 31.85 ± 3.45
four-shot 17.51 ± 2.08 46.95 ± 5.83
full-set 33.36 ± 1.79 73.42 ± 1.71

MobileNetV3
one-shot 6.61 ± 3.82 29.32 ± 6.57
four-shot 9.43 ± 3.61 42.90 ± 4.51
full-set 29.59 ± 1.06 70.72 ± 2.00

We primarily focus on Top-1 accuracy as a key evaluation
metric. From the results presented in Table 2, we can observe that
CLIP models consistently perform better than vision-only models
across various setups. Specifically, CLIP optimized with the orig-
inal loss achieves a Top-1 accuracy of 35.26% under the full-set
setup, while CLIP optimized with KL-divergence loss achieves
the highest Top-1 accuracy of 39.89%, suggesting that the ef-
fectiveness of KL-divergence loss in improving contrastive learn-
ing, especially in our task where multiple positive pairs may exist
within a batch.

Additionally, in small-sample setups, the advantage becomes
even more pronounced. For example, under the one-shot setup,
CLIP (with KL-divergence loss) achieves a Top-1 accuracy of

IS&T International Symposium on Electronic Imaging 2026
Generative AI 2026 175-5



Figure 5: Diagram of adding FC layers after CLIP image encoder for classification.

14.98%, whereas vision-only models such as VGG19, ResNet50,
ViT-L/16, and MobileNetV3 exhibit significantly lower perfor-
mance, with Top-1 accuracies of 7.91%, 11.69%, 7.22%, and
6.61%, respectively. Similarly, in the few-shot setup, CLIP (with
KL-divergence loss) achieves 24.12%, while VGG19, ResNet50,
ViT-L/16, and MobileNetV3 only reach 9.43%, 18.26%, 17.51%,
and 9.43%, respectively. We plot the trend in Figure 6. From
the figure, it is clear that CLIP models consistently achieve higher
Top-1 accuracy across all setups compared to other vision mod-
els. Some vision-only models, such as ViT-L/16, VGG19, and
MobileNetV3 show a one-shot performance even lower than zero-
shot CLIP (ViT-B/16 image encoder). Notably, when compar-
ing CLIP with ViT-L/16, the performance difference is more pro-
nounced in small-sample settings. In the one-shot setup, CLIP
demonstrates a significant improvement over ViT-L/16, while the
performance gap narrows in the full-set condition. This indicates
that CLIP has the potential to learn meaningful features even from
a limited amount of labeled data.

Figure 6: Models’ performance comparison across setups.

However, for Top-5 accuracy, while CLIP models perform
better than vision-only models in the one-shot and few-shot se-
tups, they show a lower Top-5 accuracy in the full-set setup. This
discrepancy may suggest the possible overfitting, as CLIP is a
large-scale model while our dataset is comparatively small. Over-
fitting makes CLIP achieve higher precision in aligning image and
textual representations but may struggle to detect relevant cases
effectively, leading to higher Top-1 accuracy but lower Top-5 ac-

curacy compared to vision-only models.

Pathology Classification
To fairly evaluate and compare the performance of different

models on the pathology classification task, we append the same
classifier composed of an FC layer after CLIP image encoders and
other vision models. In this task, we only conducted experiments
under full-set setup. The results are presented in Table 3

Table 3: Performance comparison of models in the pathology
classification task. ACC denotes the accuracy score, while F1
represents the F1 score. The highest average score is highlighted
in bold font.

Encoder ACC [%] F1 (macro)

Vit-L/16 66.15 ± 3.61 35.87 ± 2.87
VGG19 55.51 ± 11.29 27.14 ± 2.68

ResNet50 67.87 ± 0.97 38.43 ± 1.82
MobileNetV3 64.58 ± 3.33 29.68 ± 2.31

CLIP (Original Loss) 64.43 ± 2.76 42.54 ± 2.48
CLIP (KL Loss) 66.41 ± 1.22 41.49 ± 1.53

From Table 3, we can conclude that under the full-set setup,
although CLIP models produce slightly lower accuracy, they con-
sistently achieve higher F1 scores compared to vision-only mod-
els. This difference highlights the CLIP models’ ability to handle
class imbalance effectively. Since certain categories contain very
few examples, vision-only models may struggle to learn mean-
ingful features of minor categories from limited data, resulting
in lower F1 scores. In contrast, CLIP leverages textual input, en-
abling them to extract richer and more robust representations even
from scarce data, contributing to their higher F1 scores.

Embedding Space Analysis
From our experiments, we concluded that the KL-divergence

loss better suits our tasks compared to CLIP’s original loss.
To provide further insight, we visualized the image embedding
spaces of CLIP models fine-tuned with these two different losses,
respectively. Since high-dimensional embedding space cannot be
visualized directly, we applied Uniform Manifold Approxima-
tion and Projection (UMAP) [31] which is a non-linear dimen-
sionality reduction technique that preserves both local and global
structures, making it particularly effective for revealing patterns
in high-dimensional embedding spaces.
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The visualizations in Figure 7 compare three scenarios: the
pre-trained CLIP without fine-tuning, CLIP fine-tuned with the
original contrastive loss, and CLIP fine-tuned with KL-divergence
loss. To ensure a fair comparison, we used the same UMAP pa-
rameters for all visualizations (n neighbors = 5, min dist = 0.3),
and the fine-tuned models selected for visualization were the ones
achieving the best performance during training.

In the pre-trained CLIP visualization, no discernible clusters
are observed. Images with the same caption label appear scattered
throughout the embedding space. This reflects the domain gap be-
tween CLIP’s natural image-text pre-training data and WCE data.

When fine-tuned with CLIP’s original contrastive loss, clus-
ters corresponding to images with the same caption labels begin to
emerge. However, the clusters remain entangled, with significant
overlap between neighboring categories. This indicates that while
the original loss successfully pulls images with the same caption
closer together, it struggles to fully cluster them. This is because
the original contrastive loss incorrectly defined negative pairs, re-
ducing the model’s ability to align all matching image-text pairs
accurately.

In contrast, fine-tuning with the KL-divergence loss yields
a much more structured embedding space. Images sharing the
same caption labels form well-separated and coherent clusters
with minimal overlap between categories. This suggests that KL-
divergence loss is more effective in our tasks.

Conclusion
In this study, we investigated the application of CLIP for

WCE image analysis, focusing on two key tasks: caption retrieval
and pathology classification. We systematically compared CLIP
with conventional uni-modal vision models and found that CLIP
consistently outperformed these baselines across all experimental
settings. Its advantages were particularly pronounced in low-data
regimes, such as one-shot and few-shot scenarios, where tradi-
tional models exhibited notable performance degradation. Fur-
thermore, by replacing CLIP’s original contrastive loss with a
KL-divergence-based objective, we enhanced the model’s ability
to accommodate multiple positive image–text pairs within a sin-
gle batch: a common characteristic of sequential, video-derived
WCE data. This led to measurable performance gains, demon-
strating the effectiveness of adapting VLP models to the unique
properties of medical imaging datasets.
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