Self-Supervised CLIP Fine-Tuning with Medical Image-Text Data

Abstract

Contrastive Language-Image Pre-Training
(CLIP) is a multimodal model which con-
nects images and text through large-scale pre-
training, and has been greatly acclaimed ever
since its release. Fine-tuning the base pre-
trained model for image classification has
shown increasing interest, especially in the
medical domain. Generally, for this purpose,
CLIP has been fine-tuned with image-label
pairs. However, labeled data may not always
be available. In this paper, we fine-tuned one
CLIP model instance with medical image-text
data, and another instance with medical image-
label data, to measure how much they affected
the base performance. Our results showed
that fine-tuning with image-text data provided
a significant performance increase compared
to the base model. In turn, as expected, fine-
tuning with image-label data performed even
better, but the performance increase provided
by image-text fine-tuning is not negligible, and
is worth considering when working with unla-
beled data.

1 Describe

1.1 Introduction

The Contrastive Language-Image Pre-training
(CLIP) model by OpenAl, connects images and
natural language text by learning joint vector repre-
sentations, or embeddings, for the two modalities.
By pre-training on a dataset with 400M image-text
pairs, CLIP has displayed impressive zero-shot per-
formance in various downstream tasks (Radford
etal., 2021). Zero-shot learning refers to a model’s
ability to predict class labels that were not observed
during pre-training.

To further improve downstream performance for
more specific tasks, it may be desirable to fine-tune
CLIP on domain-specific data, which presumably
was not abundant during pre-training. This inter-
est has been evident in the medical image domain,
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Figure 1: Fine-tuning pipeline.

where in recent years the amount of published liter-
ature has seen a great increase (Zhao et al., 2024).

Naturally, for image classification tasks, it is
preferred to fine-tune using image-label pairs. Al-
though, such labeled data may not always be avail-
able, and is expensive to produce. If one has access
to descriptive text that corresponds to each image,
one could still perform fine-tuning using the same
self-supervised approach used during CLIP’s pre-
training process.

For that reason, the focus of this project is to
fine-tune one CLIP instance on medical image-
text pairs, another instance on medical image-label
pairs, and compare their image classification perfor-
mance to that of the base pre-trained CLIP model.
The class labels that we chose for this task were
different body parts.

1.2 Method

To make the contents of our method easier to follow,
an overview of the pipeline is displayed in Figure 1.
First, we downloaded the PubMedVision dataset
(Chen et al., 2024) from HuggingFace'. The fields
of interest were those containing the image, caption,
and body-part label, respectively.

Apart from the general processing that was nec-
essary to properly handle the dataset, a notable
inconsistency was that the label field contained

1https: //huggingface.co/datasets/
FreedomIntelligence/PubMedVision
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Figure 2: Correct predictions per class (%) for each
model. (Gastr. tract = Gastrointestinal tract)

non-label information for some entries. This was
resolved by simply excluding the invalid entries.

After filtering the dataset, it contained 533,076
entries, which would be too extensive to fully pro-
cess and test given the time and resource constraints
of our project. Therefore, after testing different
sample sizes to estimate the training time, we set-
tled for a sample of 4,096 entries from the dataset,
which we distributed as 80-10-10 between the train-
ing, validation, and test set. For the training set, we
sampled the same number of examples from each
class, to avoid inducing bias during fine-tuning.
For the validation and test set, samples were drawn
from each class proportionally to the full dataset’s
label frequency distribution, to more accurately rep-
resent the expected evaluation for the full dataset.

As we proceeded to the fine-tuning steps, we
used a method proposed by Goyal et al. (2023),
which is to fine-tune with the same loss that was
used during pre-training. CLIP uses contrastive
loss for pre-training, and we do the same for fine-
tuning to follow this principle.

The objective of contrastive loss is to maximize
similarity between each image and its associated
text, while minimizing similarity to all other im-
ages and texts. As previously mentioned, CLIP
encodes images and text into a shared embedding
space, enabling direct similarity calculations be-
tween the modalities. For a batch of size NV, the
model generates N x E image and text embed-
dings, where FE is the embedding size. Then, the
model calculates the cosine similarity between
these embeddings to create a N x N similarity
matrix. Image-to-text similarities can be observed
row-wise in the matrix, and text-to-image similari-
ties column-wise in the matrix. Cross-entropy loss
is calculated for both the image-to-text and text-to-
image similarities, and the total loss is simply the
average of the two.

Finally, we evaluated the two fine-tuned models
and the base pre-trained model against the test set.
During fine-tuning of the image-label model, as
well as evaluation, labels were prepended with the
context-enhancing string "A medical image of ".
The idea behind this is to aid CLIP in understand-
ing the context of the data. Furthermore, the hyper-
parameters of the fine-tuning configuration were
tweaked to maximize downstream performance.
Notably, the learning rate was downscaled from
the one used during CLIP’s pretraining process, in
proportion to how much smaller our batch size was.

1.3 Results & Analysis

When evaluating the pre-trained model and our
fine-tuned models, top-1 and top-3 accuracy scores
were recorded, which measure how frequently the
label is within the top 1 and top 3 of the predic-
tions, respectively. Table 1 presents these metrics
for the three models. Our caption-fine-tuned model
outperformed the pre-trained model, with improve-
ments of approximately 15 points in top-1 accuracy
and 4 points in top-3 accuracy. Unsurprisingly,
the label-fine-tuned model showed even greater im-
provement, achieving increases of around 28 points
in top-1 accuracy and 13 points in top-3 accuracy
compared to the pre-trained model.

Model Top-1 (%) Top-3 (%)
Pre-trained 494 78.9
Fine-tuned (captions) 64.3 83.1
Fine-tuned (labels) 76.9 92.1

Table 1: Model top-1 and top-3 accuracy scores.

Figure 2 displays the prediction accuracy per
body part of each model during evaluation. The
general trend shows the same relative performance
as for the top-1 and top-3 accuracy between the
three model variants, indicating that the perfor-
mance improvement is relatively consistent across
different classes.

Although our experiments were specifically
based on medical image data, our findings should
be generalizable to any domain-specific dataset
with a comparable format to PubMedVision. As
expected, the label-fine-tuned model exhibited the
best performance out of the three candidate mod-
els. However, our results also show that fine-tuning
CLIP on image-text data can yield significant im-
provements when performing image classification
compared to the base CLIP model. Therefore, in



the absence of labeled data, this may be a valid
approach to improve downstream performance.

2 Examine

2.1 Embeddings

Early in the course, we learned about how embed-
ding layers create low-dimensional representations
that capture important features of the input data.
In this project, I learned that this idea is not lim-
ited to text and that it is possible to encode both
images and text into a shared vector space. CLIP
uses different encoders for text and image data to
transform them into the same dimensional space
(Radford et al., 2021). This means that we can
measure how close an image is to a given text.

2.2 Fine-tuning

Fine-tuning was another topic from the course. In-
stead of training a model from scratch, we used the
pre-trained CLIP model and adapted it to medical
images. This concept was vital for us given the
project time and resource constraints.

2.3 Zero-shot learning

Zero-shot learning was described in the course as a
model’s ability to make predictions about classes
it has never been explicitly trained on. CLIP is
presented with impressive zero-shot abilities, for
example, it successfully outperformed a fully super-
vised linear classifier by achieving a better score on
16 out of 27 different datasets using its zero-shot
abilities (Radford et al., 2021). Initially, I assumed
that a large, powerful model like CLIP would do
well on medical images even without extra train-
ing, but its zero-shot performance was lower than
expected. This made sense after I thought about
it: CLIP had probably seen fewer medical pictures
during its huge, general training process. Testing
CLIP’s zero-shot abilities showed me how much
specialized data can help, but it also confirmed that
large models can still recognize some features with
little or no extra training. Our project was a good
example of how zero-shot learning can be strong,
but might need fine-tuning in highly specialized
domains.

2.4 Labeled data and unlabeled data

During the project, we explored fine-tuning with
two types of data: image-label pairs and image-text
pairs. Initially, we assumed that labeled data would
be the best option because it provides the model

with precise categories. However, it was worth-
while to assess whether image-text pairs could
achieve comparable performance, given that la-
beled data is not always available. Our results
confirmed our initial assumption, as the model fine-
tuned with labels performed the best. However,
using just text data still improved performance over
the base CLIP model. This experience reminded
me of the difference between semi-supervised or
self-supervised methods, where you can use unla-
beled (or weakly labeled) data to improve a model
when fully labeled data is not available.

2.5 Contrastive Loss

While reading the CLIP paper (Radford et al., 2021)
during this project, I learned about contrastive loss,
which differs significantly from the standard cross-
entropy loss we often used in the course. Unlike
cross-entropy loss, which computes the discrep-
ancy between predicted probabilities and actual
labels, contrastive loss functions by measuring sim-
ilarities between embeddings. In our course, we
learned that embedding similarities can be mea-
sured through cosine similarity, where the cosine
of the angle between vectors indicates their close-
ness. Contrastive loss on the other hand, works by
drawing matched pairs (such as an image and its
corresponding text description) closer together in
the embedding space, while simultaneously push-
ing non-matching pairs apart.

2.6 How much data to use?

An interesting question for us, given the time and
resource constraints, was the amount of data to use
in the project. The PubMedVision dataset (Chen
et al., 2024) includes about 650,000 entries, but
we chose to use a small sample of 4,096 entries
due to these constraints. Previously, I would have
felt it wasteful not to use the full dataset to achieve
the best possible results. However, upon reflection,
even without the time and resource limitations, our
goal was not to fine-tune and achieve state-of-the-
art results, but rather to answer the specific ques-
tions of the project. The 4,096 entries were suffi-
cient to observe trends in zero-shot performance
versus fine-tuning with image-text pairs or image-
text labels. This experience taught me lessons that
align with other teachings from the course: Having
a lot of data is not always necessary. Sometimes
a smaller, quality dataset is enough as we saw in
the comparison between Lab 2 and Lab 3 and in
lectures about improving data quality through meth-



ods like filtering and deduplication.

3 Articulate
3.1 WhatI Learned

I got hands-on experience with the flexibility
of large-scale pre-trained models (like CLIP), I
learned that even a smaller sample of domain-
specific data can help adapt a model to a specific
domain. I also realized that labeled data is not the
only way to achieve meaningful performance gains.
The use of captions or textual descriptions can still
boost accuracy when labels are unavailable. This
taught me how adaptable contrastive learning meth-
ods are, particularly in situations where it is costly
or impossible to get high-quality labels.

3.2 How I Learned It

I learned by reading the related articles in the re-
search phase of the project and by analyzing the
results from the practical part of the project. Al-
though I initially expected the label-based approach
to be the most effective, I did not expect the caption-
based approach to show such a noticeable improve-
ment over CLIP’s zero-shot baseline.

3.3 Relevance to the Course Objective

The main learning objective of this course is to
enable students to seek, assess, and use scientific
information within the area of NLP. This project
required reading and understanding of the origi-
nal CLIP paper (Radford et al., 2021) along with
other works. By engaging with these sources, I
had to evaluate different strategies for fine-tuning
and see how they applied to our specific dataset.
The extensive course content helped me understand
NLP related papers without being confused with
different NLP topics, especially practical topics
like measuring embedding similarity, pretraining,
data quality, and more. After the course and the
project, I feel that I have developed the skill to
understand scientific information in NLP and ap-
plying it effectively to solve real-world problems.
I also learned to weigh the trade-offs of using a
massive, general-purpose model versus building
domain-specific approaches from scratch.
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