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Abstract

In the modern medical industry, highly-skilled experts
such as doctors or diagnosticians are required to perform
diagnoses/analyses using images of tissue samples. We at-
tempt to automate this process by using the CLIP framework
to create an image-captioning tool that can be used to re-
trieve useful textual pathology notes given histology images.
We implement a modular CLIP framework and experiment
with candidate choices of encoders. We conduct qualitative
and quantitative analyses of the efficacy of our trained mod-
els. We demonstrated the ability of our model to identify the
pathology of a given tissue image from unstructured data.

1. Introduction

In today’s medical industry, highly-skilled experts such
as doctors or diagnosticians with multiple years of training
are required to perform diagnoses/analyses given images of
tissue samples. Labeling tissue samples and writing his-
tology reports at scale remains an expensive endeavor. In
this project, we aim to use the CLIP framework [5] to cre-
ate an image-captioning tool that can retrieve useful textual
pathology notes given previously unseen histology images.
This tool could help reduce the reliance on highly trained
human experts and make diagnoses cheaper and more ac-
cessible to patients in need of medical attention.

Additionally, metadata for biomedical datasets are inher-
ently messy, often containing unstructured text. The CLIP
framework [5] is suitable for use in this setting since it pro-
duces a score measuring the compatibility of a (image,
caption) pair. In this project, we use CLIP to create a
scoring function that can be used to rank the best pathology
caption for a tissue image from a set of candidates

2. Related Work

In the recent past, many contrastive-learning-based ap-
proaches in the supervised learning setting have shown
promise in creating robust representations that are amenable
to various downstream tasks. Loss functions such as triplet
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loss [6] have successfully been used to create robust embed-
dings of human faces which can be used downstream for fa-
cial recognition. Later work [8, 7, 3] focused on using other
training examples within the same batch as the ‘negatives’
in the contrastive loss formulation to increase the strength
of the training signal per batch.

The CLIP framework [5] introduced by OpenAl in 2021
offers one such formulation of a contrastive loss which can
be used to train image and text encoders in conjunction such
that the embeddings of the image and the caption from
the legitimate (image, caption) pairs are maximized
and the similarities between embeddings from illegitimate
(image, caption) pairs are minimized.

CLIP has since been used for many downstream appli-
cations across many different domains. Notably, the frame-
work has also been used in the biomedical domain to match
chest X-ray images against diagnoses of pathological con-
ditions at accuracy rates which are comparable to those of a
trained radiologist. [9]

3. Dataset preparation
3.1. Original dataset

The data we used to train our CLIP implementation
came from the dataset of high-quality histology images
maintained by the Genotype Tissue Expression Consortium
(GTEx) [1]. The dataset includes ~25,000 pairs of histol-
ogy images and associated metadata annotating these tis-
sues. Specifically, each image is associated with 6 fields:
Tissue type, Sex, Age bracket, Hardy Scale, Pathology Cat-
egory and Pathology Notes. Each image, however, contains
multiple (between 1 and 6) slices of the tissue sample sepa-
rated from each other by whitespace.

3.2. Collection and post-processing

A large proportion of area of the images from the GTex
dataset was usually occupied solely by whitespace. To in-
crease the strength of the training signal and reduce the ef-
fect of confounding factors and spurious correlations such
as the number of slices per slide, we applied the follow-
ing three steps of postprocessing using the OpenCV Python
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Figure 1. Data Preparation and Models

package [2]
1. Downsampling
2. Segmentation of each slice
3. Bounding box generation
4. Cropping

to split each original image into multiple tightly framed im-
ages containing the individual tissue samples. We have up-
loaded our post-processed images to Google Drive.

We created our final dataset by pairing up these
post-processed images with captions describing the sam-
ples. The captions we created followed the template
{pathology note}; Tissue of {tissue origin}
from { sex} patient.

3.3. Statistics

We ended up with a dataset of ~80,000 (image,
caption) pairs spread almost uniformly over 40 different
tissue types. We split the dataset into training and validation
datasets using a 80/20% split.

4. Model framework
4.1. Motivation

We used the CLIP [5] framework to learn a function
that scores (image, caption) pairs from this dataset.
Briefly, CLIP trains a text encoder and an image encoder to
map paired images and text to similar low-dimensional rep-
resentations. CLIP aims to maximize the similarity between

valid (image, caption) pairs and minimize similar-
ity between invalid ones. The core of our implementation
is based on https://github.com/moein-shariatnia/OpenAl-
CLIP.

4.2. Implementation details

Due to computational constraints, we chose a ResNet-50
architecture. For the text encoder, we experimented with
using a Bag of Words (BoW) encoding and the DistilBERT
model. For the BoW, we only used words that were found
in at least instances. This resulted in a vocabulary size of
1277. For the BoW CLIP model, we term the text encod-
ings the BoW encodings. For the DistilBERT CLIP model,
we downloaded a pretrained DistilBERT model and consid-
ered the [CLS] token as the text encoding. From the text
encoding we used two fully connected layers to project to
a shared latent representation. We term this the text em-
bedding. Similarly, we took the last layer of the ResNet-50
output and used two fully connected layers to project into a
shared latent representation. We term this the image embed-
ding. The embedding dimension was 256. We applied the
CLIP contrastive loss to these embeddings across a batch
size of 32. We trained on a NVIDIA V100 GPU using the
Adam optimizer. We stopped training after 30 epochs.

Because our metadata is partially categorical (tissue
type, sex, and age group) and partially unstructured (pathol-
ogy notes), we also tested using a modified CLIP model that
had a loss function of:

L =losscrip + 108stissue + 0.5 - 108Sseq + 0.5 - 108Sage,roup

The categorical losses were calculated by doing a cross
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Figure 2. DistilBERT CLIP Model Tissue Prediction Confusion Matrix

entropy loss against the target labels and a linear layer
straight from the embedded dimension. We created this
combined loss function to try to take advantage of the struc-
ture of the data.

As a baseline for some of our experiments, we use a
ResNet-50 to directly predict the categorical variables.

5. Results
5.1. Quantitative measures

5.1.1 Direct Categorical Prediction

To have a baseline for what features might be important
or not, we first trained ResNet-50 to predict the categori-

cal variables in our dataset. This included trying to predict
(Tissue, sex, age) fields. Here, we simply used a
cross entropy loss. We achieved an accuracy of 87% accu-
racy on Tissue prediction and 35% on Age prediction. For
sex predictions, we found the model would always predict
male even though there was a 60/40% split of male to fe-
male.

5.1.2 CLIP Model Categorical Prediction

OpenAl CLIP model was shown to have comparable ac-
curacy to direct classifiers in the zero-shot setting [5]. To
see if we could do the same on our dataset, we calculated
the Tissue prediction accuracy. For the BoW model, we



encoded each of the 40 tissue into a BoW representation.
For each image, we calculated the image embedding and
matched the image embedding with the tissue embedding
that had highest cosine similarity. We performed the same
test with the DistilBERT model but using the caption Tis-
sue of {Tissue}”. The BoW CLIP model had 12% accu-
racy while the DistilBERT CLIP model had 32% on tis-
sue prediction. Figure 4.1 shows the tissue accuracy for
DistilBERT CLIP model; there were some cases where tis-
sues were misclassified into similar tissue types for exam-
ple 104 predictions that were predicted to be the ”Kidney -
Medulla” but were actually “Kidney - Cortex”. We applied
the same strategy for sex prediction and found 40% accu-
racy for both models which is worse than a random classi-
fier. Considering the fact that none of our predictors could
guess the sex, we performed no further sex analysis. Over-
all, we found that the DistilBERT CLIP model more accu-
rately predicted Tissue than the BoW CLIP; however, this
is much lower than our baseline.

Next, we tested our model with the combined contrastive
and categorical loss and found that it had 84% accuracy on
Tissue prediction and 35% accuracy on age prediction. This
was unsurprising given that the model is nearly like a direct
prediction.

5.1.3 Cosine Similarity Between Paired Image and
Text Compared to Random

The CLIP framework aims to minimize the cosine similar-
ity between pairs of images and text. Next, we tested if
paired image and captions had higher cosine similarity than
randomly chosen image and captions. To perform this test,
first we zero centered the image and text embeddings. Next,
we calculated the cosine similarity between all pairs of im-
ages and captions. For BoW CLIP model, the average sim-
ilarity between unpaired images and captions was 0 and the
average similarity between paired images and captions was
0.4839. For BoW CLIP model, the average similarity be-
tween unpaired images and captions was 0 and the average
similarity between paired images and captions was 0.3878.
This suggests that indeed DistilBERT CLIP model was able
to align image and text embeddings better than the BoW
model.

Next, we performed the same test on the combined con-
trastive and categorical loss model and found that the av-
erage similarity between paired images and captions was
0.4105.

In summary, the combined contrastive and categorical
loss model had higher tissue prediction accuracy than the
pure contrastive models; however, the contrastive and cate-
gorical loss model had lower text and image latent similar-
ity.

In this paper, we are primarily interested in trying to

learn from unstructured data to generate meaningful pathol-
ogy notes given an image; thus, we ended up choosing our
DistilBERT CLIP model for further analysis.

5.2. Qualitative measures
5.2.1 Clustering of Tissues

To see if CLIP’s latent space is learning any useful pair-
ing of image and text data, we performed t-SNE in the la-
tent space. While CLIP does not specifically optimize for
the Euclidean distance between image and text embeddings,
we would expect to see the image and text embeddings to
be near each other in the t-SNE plot. Overall we did ob-
serve this pattern. For example on the bottom left, we can
see that the lung image and text embeddings are close to
each other. Furthermore, we can see that within a single
tissue and modality combination, the points cluster closely
together.

If the single tissue and modality combination clusters
were so close to each other, this raises the question of why
the CLIP categorical prediction was so much lower than the
direct predictor. Perhaps the current CLIP model works bet-
ter at aligning images to their full caption. To mitigate this
problem, we could have occasionally used only the tissue
context (and skipped the pathology notes) as a form of data
augmentation.
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Figure 3. t-SNE of Image and Text Embedding Latent Space for
Validation Images (only top 10 most frequent tissues are shown)

5.2.2 Matching validation images to captions

While the previous measures are nice to ensure that CLIP is
in fact pairing images and text together, we aimed to show



multiple healed infarcts; Tissue of Heart - Left Ventricle
no acute changes; enlarged nuclei; slight increase in interstitial fibrous
tissue; Tissue of Heart - Left Ventricle

large and small areas of scarred and more recently damaged myocardium

consistent with ischemia; Tissue of Heart - Left Ventricle
~6x6mm, mimimal ischemic changes; Tissue of Heart - Left Ventricle

Image

Top 5 Generated Captions

no adherent fat or significant atherosis; Tissue of Artery - Tibial

no adherent fat or significant atherosis. One section disrupted.;
Tissue of Artery - Tibial

no significant atherosis or adherent fat; Tissue of Artery - Tibial
mild atherosclerosis with focal calcification; Tissue of Artery - Tibial

5. interstitial fibrosis with scaring (arrows);multifocal hyalinization/

i 5. good clean specimens; Tissue of Artery - Tibial

eosinophilia of fibers (rep outlined); rim of attached fat; Tissue of Heart -

Left Ventricle

interstitial fibrosis and extensive scarring; hypertrophy; Tissue of
Heart - Left Ventricle

Correct Caption

no adherent fat or significant atherosis. One section disrupted.;

Tissue of Artery - Tibial

Figure 4. DistilBERT CLIP Generating Caption from Images

some examples of how such a model could be used in prac-
tice. First, we might wish to generate a caption given an
image. Given an image of a tissue, what kind of pathology
did the person likely have? For this test, we take an image
from our validation set and identify the 10 text embeddings
with the highest cosine similarity to the query image em-
bedding. The results for 2 examples are shown in Figure
5.2.1. On the right, the DistilBERT CLIP model was able
to correctly identify that the left ventricle heart image was
indeed from the Left Ventricle and had some examples of
scarring. On the left, the DistilBERT CLIP model was able
to correctly identify an image of a healthy tibial artery. This
suggests that the our model may have the ability to diagno-
sis/post analyze histology images in an automated manner.

5.2.3 Matching validation captions to images

The CLIP model can be also used to find tissue images that
match a caption. Such a model might be useful when some-
one wants image examples of a particular pathology. This
is like a google search for images with a particular disease.
The results for 2 such examples are shown in Figure 5.2.1.
Problematically, we are not tissue experts; however, we can
evaluate our model based on how well the captions for the
nearest image fit the text prompt. In fact we see that the

model finds images from the correct tissue and with similar
descriptions to the query.

6. Discussion

In this work, we preprocessed a large collection of his-
tology images and used the CLIP framework to create
an image-captioning tool that can retrieve useful textual
pathology notes given a histology images. We experimented
with different text encoders to improve the performance of
our model and found a pretrained DistilBERT outperformed
our other models in the joint embedding space. Our ap-
proach used the CLIP framework which acted as a scor-
ing function that could be used to rank the best pathology
caption for a tissue image from the 20,000 captions in our
training data. This allowed us to effectively retrieve rele-
vant pathology notes for a given tissue image, even when
the available options are not necessarily perfect matches.

An advantage to our CLIP model is that it can deal with
messy unstructured metadata text which traditional super-
vised learning techniques cannot handle.

Our image-captioning tool demonstrates a first step for
reducing the reliance on highly trained human experts and
make diagnoses cheaper and more accessible to patients in
need of medical attention. In the research setting, it could



Text Prompt

marked congestion/interstitial fibrosis

calcification; Tissue Artery - Aorta

Top 2 Nearest Images and their Associated Metadata

1. moderate alveolar hemorrhages; moderate interstitial fibrosis; no
pneumonia or heart failure cells; Tissue of Lung

2. moderate/marked edema/congestion; Tissue of Lung

1. subtotally occlusive calcified atherosis, rep delineated; Tissue of
Artery Aorta

2. calcifying (rep encircled) atherosis up to ~0.8mm; Tissue of Artery —
Aorta

Figure 5. DistilBERT CLIP Finding Relevant Images for a Caption (note that the associated metadata are never used to find the nearest

images)

be used to label tissue samples and write histology reports
or find outliers and mislabeled images.

6.1. Limitations and Further Work

One limitation of our approach is that it still requires a set
of candidate pathology notes to choose from, which may not
always be available in practice. Most importantly, we found
our model hard to validate since we are not tissue experts.
To truly validate the model, we would have liked to talk to
experts to see if the generated images or captions actually
make biological sense.

On the data side there were various improvements that
could have been made. The original images are very high
resolution at 40,000 x 40,000 (0.25 GB). To make them
workable we scaled them down 150 fold to 224 x 224. Per-
haps the high resolution keeps some of the fine grained in-
formation about cells that would make disease prediction
more reliable. Additionally, we found that some images
were necessarily longer or skinnier than other tissues. Our
current pipeline scales all the images to squares unneces-
sarily elongating some axis of the image. This may have
contributed to learning particular features unrelated to tis-
sue type. Furthermore, we would have liked to do data aug-
mentation with images.

There are various model improvements we would have
liked to make. Due to CLIP being a large model, we did not

perform very much hyperparameter tuning. Furthermore,
we stopped training after just 30 epochs when the valida-
tion loss was still likely decreasing. Additionally, we orig-
inally proposed testing vision transformers which is what
the original CLIP paper [5] found to be most effective. Ad-
ditionally, we would also consider using a language model
that was trained on biomedical text [4].

7. Conclusion

In this paper, we prepossessed a large tissue database
consortium to make the images more amenable to ma-
chine learning pipelines. We trained mutiple CLIP like
model that embedded histology images and captions in a
shared representation space. Lastly, we found that our tis-
sue CLIP model could plausibly make non-obvious diagno-
sis/analysis about tissue images using a nearest neighbors
approach in the representation space.
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