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Abstract Most advances in medical images supporting clinical auxiliary diagnosis meet a challenge due
to the low-resource medical data with highly-expensive and professional annotations. This low-resource
problem can be alleviated by leveraging the transferable representation capabilities of large-scale pre-trained
vision-language models like CLIP. After pre-trained using large-scale unlabeled medical images and texts
(such as medical reports), the vision-language models can learn transferable representations and support
flexible downstream clinical tasks such as medical image classification via relevant medical text prompts.
However, existing pre-trained vision-language models require domain experts (clinicians) to carefully design
the medical text prompts based on different datasets when applied to specific medical image tasks, which
is extremely time-consuming and greatly increases the burden on clinicians. To address this problem, we
propose a weakly supervised prompt learning method MedPrompt, which only employs class labels for
inexact supervised learning to enable the model to adaptively and automatically generate effective medical
text prompts according to different datasets. Benefiting from these prompts, the pre-trained vision-language
model can be freed from the strong expert dependency of manual annotation and manual prompts design,
thus truly achieving end-to-end, low-cost medical image classification. Experimental results show that in
all four public datasets, the model using our automatically generated prompts outperforms its hand-crafted
prompts counterpart which is fine-tuned on all labeled samples with only a minimal number of labeled samples
(at most 16) for few-shot learning, and reaches superior or comparable accuracy on zero-shot classification
prediction. In addition, the proposed training method can be seamlessly embedded into any other network
structures.

Keywords medical image classification, weakly supervised learning, prompt engineering, few-shot learning,
zero-shot learning
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1 Introduction

Medical imaging techniques, such as computed tomography (CT), magnetic resonance imaging (MRI)
and X-rays, are often used in clinical practice for monitoring, diagnosis and treatment. With the massive
growth of medical imaging data and the rapid development of deep learning technology, researchers
have developed various deep learning models applied in the field of medical images to support clinical
decision-making, and these models have been proven to have high accuracy and generalization ability
[1-3]. Existing models generally adopt the supervised learning mode, requiring medical images to have
corresponding complete, exact, and accurate annotations. Unlike natural image annotation, which can
be done by ordinary people, medical image annotation needs to be carried out by experienced domain
experts (clinicians), with a high annotation threshold and cost. This directly leads to the situation of
low-resource medical data - limited available annotated samples with highly-expensive and professional
annotations, leaving a vast number of unannotated medical images and text (such as medical reports)
samples unused.

The emergence of large-scale pre-trained vision-language models such as CLIP [4] makes it possible for
unlabeled samples to be fully utilized. There have also been some studies utilizing such models to make
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(a) Atelectasis in the CheXpert Dataset (b) COVID in the COVID Dataset

Figure 1 Examples of prompts manually designed by clinicians according to different datasets. (a) Atelectasis in the CheXpert
Dataset. (b) COVID in the COVID Dataset. It can be seen that these text prompts are highly related to the characteristics of
images in the dataset, and strongly dependent on domain experts and domain knowledge.

the most of the huge volume of unlabeled medical images and texts [5-7]. The large-scale vision-language
models are pre-trained by predicting the correct matching between image and text pairs, and learn
transferable image and text representations to support flexible downstream clinical task. Transferring the
pre-trained models to specific downstream clinical tasks is often done with the help of relevant medical
text prompts. Taking the large-scale medical pre-trained vision-language model MedCLIP [7] as an
example, specifically, when using the pre-trained MedCLIP model for medical image classification, image
and relevant medical text prompts are fed into the model’s image encoder and text encoder respectively
to obtain the corresponding embeddings. Then, the model calculates the similarity between the image
embeddings and the text embeddings, and takes the category corresponding to the text embeddings
that leads to the highest similarity as the category of the image. The quality of the input medical text
prompts, even a slight change in wording, has been proven to have a huge impact on model performance [8].
Therefore, there is currently a significant reliance on domain experts (clinicians) when generating these
medical text prompts.

Figure 1 shows some examples of prompts carefully designed by clinicians according to different
datasets. It can be seen that the prompts designed, such as disease subtypes, severity, and location,
are highly related to the characteristics of images in the dataset, have significant differences in category
and specific content, and are highly targeted and professional. Thus, manually generating text prompts is
extremely time-consuming and highly dependent on domain experts and domain knowledge. The original
intention of employing large-scale pre-trained vision-language models in the field of low-resource medical
images is to minimize the pressure of extra annotations on clinicians. However, it is obviously contrary
to the original intention to bring about additional work burden of manual prompts design. Therefore,
it is necessary to design a model that can automatically generate high-quality medical text prompts to
reduce the burden and dependence on clinicians.

To this end, we propose a weakly supervised prompt learning framework MedPrompt, which en-
ables the model to directly learn from the datasets and automatically generate high-quality medical text
prompts. The framework includes an unsupervised pre-trained vision-language model and a weakly su-
pervised prompt learning model. The unsupervised pre-trained vision-language model adopts large-scale
medical images and medical texts for pre-training, utilizing the natural correlation between medical im-
ages and corresponding medical texts without any manual annotation. The weakly supervised prompt
learning model only utilizes the classes of images in the dataset to guide the learning of the specific class
vector in the prompt, while other context vectors in prompt do not require any manually labeled guided
signals. The framework can be trained to automatically generate high-quality prompts. Benefiting from
these prompts, the pre-trained vision-language model utilizes the similarity between images embeddings
and prompts embeddings to determine the categories of the images. Throughout the entire process, the
framework is almost completely free from the expert reliance on manual annotation and manual prompts
design, thus enabling truly end-to-end, low labor cost medical image learning. Experimental results of
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few-shot image classification on four medical benchmark datasets with different categories show that for
unseen classes classification, our model outperforms models with hand-crafted prompts, even when all
samples are used for fine-tuning in these models. In addition, our model performs better in zero-shot im-
age classification on most datasets than those with expert manual prompts. Besides, we find that prompts
generated for different datasets and different categories have high semantic similarity, which reflects that
our model can generate a common prompt that is generally applicable to all cases to some extent. In
other words, the model extracts some kind of common knowledge when generating the prompt, which
make it have the potential to be extended to a general multimodal medical recognition model. Moreover,
the module used to automatically generate prompts is a lightweight module that does not impose too
much additional network parameters and computational burden on the model, and can be seamlessly
embedded into any network architecture. In summary, our work has three main contributions:

1. We propose a weakly supervised prompt learning framework MedPrompt, where the model can
directly learn from the datasets and automatically generate effective prompts by using only class labels
for inexact supervised learning, saving the cost and effort of experts to manually design prompt;

2. The performance of our model in few-shot and zero-shot classification on four datasets outperform
that of the models with experts hand-crafted prompts;

3. The module used for automatically generating prompts lightweight that can be seamlessly embedded
into any network architecture.

2 Related work

2.1 Medical vision-language models

Due to the small amount of image and text data available for pre-training in the medical field, compared
to the already mature and widespread large-scale pre-trained vision-language models in general domains,
the pre-trained vision-language models in the medical domain are still under exploration.

Following the general pre-trained vision-language models, existing medical image-text representation
learning also adopts the framework of contrast learning. Among them, most of the work used strictly
paired medical images and texts for contrast learning [5,6,9], which not only reduced the number of paired
images and texts available for pre-training, but also introduced false negative noise during the training
process. To solve these problems, Wang et al. [7] proposed to decouple the strong pairing relationship
between image and text to obtain more usable training data and eliminate false negatives. Accordingly,
a semantic matching loss was used to replace the commonly used InfoNCE loss in the original vision-
language models. Following Wang’s work, we also extend the pre-trained medical image and text pairs
to enable the model to be pre-trained on more abundant large-scale data.

2.2 Prompt learning

Prompt learning was initially an important research hotspot in natural language processing. The moti-
vation is to leverage the pre-trained language models (such as BERT [10] or GPT [11-14]) as knowledge
bases from which prompt templates can be used to elicit information useful for downstream tasks [15].
After pre-training the model using a large amount of original text, a prompt function can be designed
to adapt the pre-trained model to small or unlabeled data in other scenarios for few-shot learning or
zero-shot inference.

Manual template design is commonly used in previous work, and the designed templates have achieved
good performance in cloze test, question answering, translation, text classification, and conditional text
generation tasks [13,16-19]. However, creating and verifying these prompts require time and experience,
and even the most experienced prompt designers may not be able to manually discover the best prompts
[20, 21]. To solve this problem, many approaches have emerged for automatic prompt design. For
example, Jiang et al. propose mining-based and paraphrasing-based methods to automatically generate
high-quality and diverse prompts, which more accurately estimate the knowledge contained in language
models [20]. Shin et al. develop an automated method based on a gradient-guided search to create
prompts for a diverse set of tasks [22]. Other studies transform the prompt into a set of continuous
vectors and optimize the objective function end to end [23-25].

CoOp [8] and CoCoOp [26] are the first to apply prompt learning to the adaptation of large vision-
language models in computer vision. CoCoOp is a continuous prompt learning method that can auto-
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matically construct conditional contextual prompts. It consists of a set of context prompt vectors and a
lightweight neural network (Meta-Net), which is used to generate an input-conditional token (vector) for
each image. CoCoOp has been proven to achieve excellent zero-shot inference performance on previously
unseen categories under low resource conditions.

2.3 Weakly supervised learning

In many tasks, it is difficult to obtain strong supervision information due to the high cost of manual
data labeling. Weakly supervised learning is proposed to be applied to such low resource scenarios which
lack enough correct manual labeling, aiming at building prediction models through weak supervision
signals. There are three typical types of weak supervision: incomplete supervision, inexact supervision,
and inaccurate supervision [27]. Among them, inexact supervision means that the training data only has
coarse-grained labels, without exactly the exact labels. In the prompt learning process of this work, we
also do not have exact labels (exact natural language or semantic labels) for the training of context and
class embeddings and the generation of the prompts. All we have for supervising model training are only
the class labels. So we explore the feasibility and efficiency of adopting this weakly supervised learning
approach in the low resource medicine field in this work.

2.4 Zero-shot learning and few-shot learning

Unlike the recognition pattern of traditional machine learning methods, zero-shot learning enables the
AT model to mimic human reasoning by only training on base classes to recognize new classes that have
never been seen before [28-31]. Zero-shot learning often requires auxiliary information (such as attributes
of objects or related descriptions of objects, in our research problem, prompts describing pathological
symptoms) to learn the semantic space. However, due to the “seen class bias” problem [30], zero-shot
learning often fails to achieve satisfactory results. Few-shot learning provides another sample-efficient
learning method. By utilizing prior knowledge, few-shot learning can quickly generalize to new tasks
by only learning from a small number of samples [32]. This learning method, which learns from only a
small amount of supervised samples, is more similar to that of human beings [33]. Zero-shot learning and
few-shot learning are suitable for the medical field where the cost and threshold of manual labeling are
high. In this study, we explore the zero-shot and few-shot learning performance of the model.

3 Method

3.1 Overall architecture

The overall architecture of our proposed model MedPrompt is shown in Figure 2. The whole model
mainly includes two training stages: pre-training stage (dark gray line) and prompt learning stage (or-
ange line). In the pre-training stage, a total of 600,526 X-ray images and 201,063 reports from the
CheXpert and MIMIC-CXR datasets are extracted by a knowledge extractor (e.g. Negbio [34]) to obtain
a ground-truth (GT) similarity, which is used to supervise the learning of the predicted similarity of
embeddings obtained after the text and image encoders of the model. After such pre-training, the text
encoder and image encoder of the model learn transferable representations, which can then be transferred
to downstream task of image classification (green line). In the prompt learning stage, the model trains
an instance-adaptive prompt generator with the help of the image embeddings output from the image
encoder, and ultimately learns context embeddings and class embeddings on its own to form auto prompts
embeddings. The auto prompts are the prompts required for the pre-trained model to perform down-
stream task, which can help the model in zero-shot image classification on images of completely unseen
category. When performing few-shot image classification, the model fine-tunes the class embeddings of
the prompt generator with very few images in the unseen category, with the rest of the prompt generator
remaining fixed.

3.2 Pre-training

We employ images and reports from two large-scale medical imaging report datasets to pre-train a large-
scale vision-language model. Following MedCLIP [7], we decouple each pair of images and their reports.
Instead of taking the pairing of images and their reports as the objective of pre-training, we measure
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Figure 2 The overall architecture of our proposed model MedPrompt. The whole model mainly includes pre-training stage
(dark gray line) and prompt learning stage (orange line). In the pre-training phase, the model learns transferable representations
by matching the similarity between the paired images and the reports. In the prompt learning stage, the model trains an instance-
adaptive prompt generator with the help of the embeddings of the images themselves and finally learns auto prompts embeddings
for zero-shot image classification. When performing few-shot image classification, the model fine-tunes the class embeddings of the
prompt generator with very few images in the unseen category, with the rest of the prompt generator remaining fixed. Best viewed
in color.

the similarity of each image and each report in the datasets, and use the similarity matching as the
pre-training objective. Specifically, for images, their diagnostic categories in the datasets are directly
used as labels; for text, we leverage the Negbio [34] tool as the knowledge extractor to extract medical
entities defined in the Unified Medical Language System [35] from the reports to construct text labels.
Subsequently, the cosine similarity of each image label and each text label is calculated as the ground
truth to guide the training of the pre-trained vision-language model.

Image encoder and text encoder. The original image I and report 1" are encoded into image
embeddings and text embeddings by an image encoder E; (e.g. ResNet or ViT) and a text encoder Ep
(e.g. Transformer), respectively. A projection operation proj(.) is used for dimensional alignment to
facilitate subsequent semantic similarity calculation. Thus, the multimodal embeddings I. and T, can be
obtained:

I. = proj(E;(I)) (1)

T, = proj(Er(T)) (2)
Semantic similarity matching. The cosine similarity between image label Igr and text label Tgr
in the pre-trained datasets will be used as the ground-truth semantic .S:
Igr - T
g _fer-ler (3)
ezl | Ter|l
By calculating the similarity, for an image i, we can obtain a normalized similarity set, where the
similarity between image ¢ and prompt j can be represented as y;;:
exp(Sij) )
Niea
221" exp(5ij)
Similarly, the similarity S between image embeddings I. and report embeddings 7. can be calculated
using the following formula:

Yij =

I. - T,

A ;
A (5)
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And the predicted similarity can be represented as yj;:

exp( ;j/7'> 6
Yot exp(Sij /1) )

, where 7 is a learnable temperature parameter initialized at 0.07.

Loss. We aim to minimize the semantic loss between image and text. The semantic loss is calculated
by the cross entropy loss, including an image-to-text semantic loss and a text-to-image semantic loss,
which are averaged:

Yij =

Nimg Nicot Nicot Nimg
L= Z Z yzjlo.gym + Nt Z Z yjlegyjz (7)
zmg =1 j=1 i—

3.3 Prompt learning

After conducting the above pre-training, we fix the parameters of the text encoder and image encoder
and proceed with prompt learning, aiming to learn a prompt generator that can generate auto prompts
embeddings for each image.

The auto prompts generated by the model consist of several learnable words and one learnable class,
which are finally presented in the form of embeddings. Inspired by CoCoOp [26], the prompt generator
is trained to generate prompts based on specific instances rather than a general class, to learn richer
transferable representations that can generalize better on unseen classes. Thus, the prompt generator
consists of a learnable Meta-Net and the projection operations of context embeddings and class embed-
dings. Specifically, as shown in Figure 2, the features extracted by the image encoder for each instance
are processed through a Meta-Net (a two-layer bottleneck structure with Linear-ReLU-Linear) to obtain
a unique conditional token 7 for that instance. The conditional token is then combined with each context
vector to form the final context vectors.

Therefore, for an image ¢ and a class k, the auto prompt generated by the model can be denoted as:

pite = {MetaNet(proj(Er(i)) + V,Cy} (8)

, where V' = {v1,va,...,v,,} are m word embeddings, each with a dimension of 512, which are randomly
initialized. m is the number of context tokens in the prompt, which is set to 16 in this study.

Then, the generated auto prompt embeddings are feed to the text encoder of the model, and the simi-
larity S&** between the generated new text embeddings proj(Er(p%**®)) and the embeddings proj(E;(i))
of image ¢ can be represented as:

auto

auto _ proj(ET(plk )) -proj(EI('))
S = Tproj(Br (™) Tprog (B: ()] ®)

Therefore, the probability of image ¢ being predicted as class k can be expressed as:

exp(Sg&ute /1)

Yik =
v Z;V:cllaés eXp(S;zkuto/T)

(10)

Then, cross entropy loss was calculated between the prediction probabilities of N .45 classes and the
GT class of each image, using formula (7).

Prompt learning is conducted before zero-shot inference and few-shot learning. Before performing
zero-shot inference, the prompt generator is trained with the base classes, and then conducts zero-shot
inference directly on the unseen classes. In this process, the parameters of text encoder and image
encoder of the model are fixed, and Meta-Net and the linear layer of the projection operation mapped
from vy, vs,...,vy and class to the embeddings are trained. When performing few-shot learning, the
linear layer of the projection operation mapped from class to the embeddings in the prompt generator
are trained and fine-tuned directly on a few images (e.g. 1,2,4,8,16). In this process, the parameters of
the text encoder and image encoder of the model are also fixed, and the base classes are also used to
train the Meta-Net and the linear layer of the projection operation mapped from v, vs, ..., v, and class
to the embeddings. Then, a few samples from unseen classes are used to fine-tune the model. Note that
only the linear layer corresponding to the class embedding is fine-tuned at this time.
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It is worth mentioning that in the process of prompt learning, for the auto prompts to be generated, we
do not have exact labels that can be used to train the context and class embeddings. What we can use to
supervise model training are only the class labels, without any natural language or semantic labels. This
is precisely where the low resource problem in the medical field lies - due to the high cost and threshold
of labeling, there is too little available exact labels. However, in the absence of sufficient exact labels, our
weakly supervised learning method, which only uses class labels for training, has achieved good results,
generating auto prompts that are comparable to or even surpassing manual prompts. This effectively
alleviates the problem of expensive and limited manual labeling and excessive reliance on domain experts
in the low resource medical field.

4 Experiments

In this section, we evaluate MedPrompt on four different datasets on a downstream task of medical image
classification. We validate the model’s performance under zero-shot inference and few-shot learning. We
also provide ablation studies to analyze the contribution of key factors of MedPrompt. In addition, we
visualize and analyze the generated prompts.

4.1 Datasets

CheXpert [36] is a dataset containing 224,316 chest X-ray images, covering 65,240 patients who un-
derwent radiologic examinations at Stanford Medical Center. The dataset includes training, validation
and test sets, containing 14 observed labels. Among them, the training set includes three sets of labels
automatically extracted from relevant radiology reports using various automatic labelers (CheXpert [36],
CheXbert [37] and VisualCheXbert [38]). The labels for the validation and test sets are provided by
certified radiologists. This dataset is of great significance for the automatic analysis and diagnosis of
chest X-rays. The entire dataset participates in the unlabeled pre-training phase. To evaluate the perfor-
mance of the model on zero-shot inference and few-shot learning, we follow Huang et al. [6] and sample a
multi-class subset 7], namely CheXpert 5x200, which contains five categories: Atelectasis, Cardiomegaly,
Consolidation, Edema and Pleural Effusion, each with 200 positive samples.

MIMIC-CXR [39] is a large medical imaging dataset that includes 377,111 chest X-ray images and
201,063 corresponding radiological reports, as well as 14 observed labels. The dataset aims to support
the research of image understanding, natural language processing and decision support in the medical
domain. Similarly, the entire dataset is used for pre-training. In addition, for evaluation, we also sample
a MIMIC-5x200 subset in the same way as CheXpert-5x200, with the same five categories.

COVID [40] is a publicly available X-ray image dataset on COVID-19 released by Rahman et al. in
2021. This dataset contains both COVID and non-COVID labels, with a positive to negative sample
ratio of approximately 1:1. This dataset does not participate in pre-training, but only participates in
prompt learning and is used for evaluation. There are 2,162 and 3,000 images in the training and test
sets, respectively.

RSNA [41] is a chest X-ray image dataset publicly provided by the National Institutes of Health in the
United States, which consists of pneumonia and normal samples. Following Wang et al. [7], we extracted
a balanced subset with a 1:1 ratio of positive and negative samples. This dataset also does not participate
in pre-training, but only participates in prompt learning and is used for evaluation. There are 8,486 and
3,538 images in the training and test sets, respectively.

4.2 Baselines

We compared our model with previous studies, including CLIP [4], ConVIRT [5], GLoRIA [6] and Med-
CLIP [7].

CLIP is a pretrained model for matching images and text released by OpenAl in early 2021. It is
pretrained directly on 4 million image-text pairs collected from the Internet and achieves state-of-the-art
performance on many tasks on natural image datasets.

ConVIRT is dedicated to visual-text contrastive learning in medicine, learning medical visual rep-
resentations directly from naturally paired medical image and text data. It is the pioneering work of
multimodal contrastive learning in the medical field.



Sci China Inf Sci 8

GLoRIA is also committed to visual-text contrastive learning in medicine, and uses attention mech-
anisms to learn the global-local representation of images by matching words and image subregions in
radiology reports. For the first time, it realizes the prompt based zero-shot prediction for medical images
after image-text pre-training.

MedCLIP employs an unsupervised contrastive learning approach on unpaired medical image-text
data. It utilizes BioClinical BERT [42] as text encoder and ViT as image encoder to construct the model,
and employs soft semantic loss to supervise the training of the model.

4.3 Implementation details

We adopted the pre-trained text transformer from CLIP [4] as our text encoder. For vision encoder, we
compared the CNN-based ResNet and the transformer-based Swin Transformer [43], and finally adopted
Swin Transformer as the vision encoder.

We used the CheXpert and MIMIC-CXR, datasets for pre-training, and for their text data, we split
them into sentences and removed all sentences with length less than 4.

In the prompt learning stage, we held out five classes Atelectasis, Cardiomegaly, Consolidation, Edema
and Pleural Effusion in the CheXpert and MIMIC datasets as unseen classes (to validate the zero-shot
and few-shot performance of the models), and used the remaining nine classes as base classes to train the
prompt generator.

We performed the following data augmentation on the images: scaling the original image to 256 x 256,
applying random crop with a size of 224x224, horizontal flipping with a probability of 0.5, color jittering
the brightness of the image to a random value within [80%, 120%)], random affine transformation with
degree sampled from [-10, 10].

We set the learning rate as 5e-5 with a learning rate warmup ratio of 0.1, weight decay le-4, batch size
400, and train the model for 20 epochs. A single half-precision pre-training on 4 V100 GPUs took about
10 hours.

4.4 Comparison to state-of-the-art

Zero-shot learning After training the prompt generator with the base classes, the model directly
performs zero-shot inference on classes it has never seen before. Specifically, for the CheXpert and
MIIMC-CXR datasets, there are 5 unseen categories including Atelectasis, Cardiomegaly, Consolidation,
Edema and Pleural Effusion. For COVID and RSNA, the two categories in the datasets are completely
new to the model. The process of performing zero-shot classification on an image is as follows: For
each predicted class, the image will generate an auto prompt, which will be processed by a text encoder
to obtain text embeddings of the image about each class. Then, the similarities between these text
embeddings and the image embeddings of the image obtained from the image encoder are calculated.
The class corresponding to the text embeddings with the highest similarity is the class of the image
predicted by the model.

We compare the zero-shot classification performance of our auto prompts-based model with the previous
models based on manual designed prompts. As can be seen from Table 1, our model achieves better results
than all previous models on CheXpert-5x200, MIMIC-5x200 and COVID, but performs slightly worse
than MedCLIP on the RSNA dataset. We speculate that the unsatisfactory results on RSNA may be due
to the fact that the labels of the base classes of CheXpert and MIMIC-CXR used to train the prompt
generator are annotated by Negbio, while RSNA uses manual annotation labels, which may have gaps
with Negbio’s annotation results. It is worth mentioning that the model has never seen the COVID
and RSNA datasets at all during the large-scale image-text pre-training stage and the prompt generator
training stage, but still achieves satisfactory performance on these two datasets. Owverall, it can be
concluded that the prompts automatically generated by our model achieve better or comparable results
in assisting zero-shot image classification than manual prompts.

To further analyze the performance of zero-shot classification, we explore the classification performance
of its fully supervised counterpart, which is trained with all examples on the training set. As shown in
Table 2, full supervision is naturally better than direct zero-shot inference, which is undoubtedly reflected
in the experimental results. On all the four datasets, our model significantly outperforms the existing
models, with the most significant improvement on the COVID dataset with a 16.63% improvement. In
addition, by comparing the results of our model in Table 1 with those of the existing models in Table 2,
we are pleasantly surprised to find that our model’s performance in zero-shot classification without any
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Method CheXpert MIMIC-CXR COVID RSNA

CLIP [4] 0.2036 0.2254 0.5090  0.5055
ConVIRT [5] 0.4224 0.4010 0.6647  0.4647
GLoRIA [6] 0.4210 0.3382 0.5702  0.4752
MedCLIP-ViT [7] 0.5942 0.5024 0.7943 0.7682
MedPrompt-ViT (Ours) 0.6220 0.5720 0.7997  0.7284

Table 1 Performance of zero-shot image classification on four datasets. For models with manually designed prompts, we only
report the results of prompt ensemble. Best performance are in bold.

samples for fine-tuning has surpassed the fully supervised results of the existing models on CheXpert-
5% 200, MIMIC-5x200 and COVID, which reflects that the model has learned transferable representations
and has strong generalization ability.

Method CheXpert MIMIC-CXR COVID RSNA

CLIP [4] 0.3020 0.2780 0.5866  0.7303
ConVIRT [5] 0.4770 0.4040 0.6983  0.7846
GLoRIA [6] 0.5370 0.3590 0.7623  0.7981
MedCLIP-ViT [7] 0.5960 0.5650 0.7890  0.8075
MedPrompt-ViT (Ours)  0.6580 0.6160 0.9553  0.8304

Table 2 Performance of fully supervised image classification on four datasets. Best performance are in bold.

In addition, we compare the accuracy of zero-shot classification of different manual prompts and auto
prompts generated by our model on all four datasets, as shown in Figure 6 in Appendix A.

Few-shot learning In the few-shot learning phase, we first fix the pre-trained image encoder and text
encoder, and then train the whole prompt generator with the base classes. Subsequently, we follow the
few-shot evaluation protocol in CLIP by taking a few samples from the training set of unseen classes (e.g.
1,2,4,8,16) to fine-tune on class embeddings in the prompt generator. The model is deployed on the test
set and the results are shown in Table 3.

Method CheXpert MIMIC-CXR COVID RSNA
MedPrompt-ViT 0-shot 0.6220 0.5720 0.7997  0.7284
MedPrompt-ViT 1-shot 0.6315 0.5895 0.8020  0.7538
MedPrompt-ViT 2-shot 0.6360 0.5875 0.8290 0.7665
MedPrompt-ViT 4-shot 0.6400 0.5870 0.8627  0.7761
MedPrompt-ViT 8-shot 0.6320 0.5815 0.8693  0.7778
MedPrompt-ViT 16-shot 0.6500 0.6000 0.8700  0.8013
MedPrompt-ViT full-shot 0.6580 0.6160 0.9553 0.8304

Table 3 Performance of few-shot learning of our model on four datasets. Best performance are in bold.

Comparing the results in Table 3 with the that of MedCLIP-ViT [7] in Table 1, it can be seen that
with at most only 4 additional samples for fine-tuning, our auto prompts model outperforms the state-
of-the-art manual prompts model on all datasets. This is very exciting news in the field of low-resource
medical data, as it means that even in the absence of sufficient available and reliable expert annotations,
we can still achieve exceptionally good performance on downstream tasks with the help of large-scale
pre-training and the automatically generated prompts.
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Figure 3 Performance comparison of our model adopting the traditional CNN-based architecture ResNet-50 and the Transformer-
based architecture Swin Transformer as the image encoder on four datasets. The blue lines represent the ViT architecture and
the orange lines represent the ResNet architecture. It can be seen that the models with ResNet-50 as the image encoder is overall
inferior to its ViT counterparts. Best viewed in color.

4.5 Ablation studies

CNN-based architecture vs. transformer-based architecture We also verify the effects of adopting
the classical CNN-based architecture ResNet50 as the image encoder. As shown in Figure 3, the effect
of using ResNet50 as an image encoder is overall inferior to its ViT counterparts. We speculate that the
main reasons are that, on the one hand, the transformer architecture has a good adaptation ability to
big data, and its attention mechanism enables the model to fully learn the relationship between features.
On the other hand, the shifted windows of swin transformer can better connect with the windows of the
previous layer, which significantly enhances the modeling ability.

The effect of Meta-Net and context embeddings In addition, we verify the contribution of each
component of the prompt generator. The learnable components of our prompt generator include Meta-
Net, context embeddings and class embeddings. Since the downstream task is image classification, the
class embeddings need to be learned in any case. We validate the effectiveness of learning only class
embeddings, learning only context embeddings and class embeddings, learning only Meta-Net and class
embeddings, and learning a complete prompt generator, respectively. Table 4 presents the average results
of zero-shot learning, few-shot learning and full supervision on these four ablation versions over four
datasets. We can conclude from the table that both the Meta-Net and the context embeddings contribute
significantly to the performance improvement of the model. When the two are combined into the prompt
generator, the performance of the model has made a great leap, with zero-shot performance improving
by 3% and full supervision performance improving by 4.6%. We speculate that the main reason is
that MetaNet has learned richer transferable representations from each specific instance, which helps to
better generalize the model to unseen categories. The combination of these representations and context
embeddings makes the generated auto prompts more adaptable to instances in previously unseen classes.

Context Class
Meta-Net 0 1 2 4 8 16 full
Embeddings Embeddings
V4 0.6508  0.6877  0.6894  0.6886  0.6936  0.6994  0.7190
v N4 0.6566  0.6738  0.6810  0.6943  0.7011 0.7021 0.7158
V4 Vv 0.6675 0.6757  0.6793  0.6946  0.7005  0.7027  0.7193
Vv V4 Vv 0.6805 0.6942 0.7048 0.7165 0.7152 0.7303 0.7649

Table 4 The average results of zero-shot learning, few-shot learning and full supervision for these components and their combi-
nations over four datasets. The best results are highlighted in bold.
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Figure 4 Visualization of prompts similarities on four datasets. (a) The similarities of prompts automatically generated by the
model. (b) The similarities of manually designed prompts. The 10 images based on which the prompts are automatically generated
by the model and the 10 manual prompts are randomly selected. Best viewed in color.

4.6 Further analysis

4.6.1 What do the generated auto prompts look like?

We randomly selected 10 images in each dataset and visualized the cosine similarity of the contexts
embeddings (without the class embeddings) in the corresponding 10 prompts automatically generated by
the model, as shown in Figure 4(a). We were surprised to find that the contexts generated by the model
were surprisingly similar for different categories of images from different datasets. This indicates that our
model has learned some common knowledge to some extent when generating auto prompts. This is very
enlightening, indicating that our model may have the potential to be expanded to a general multimodal
medical recognition model.

As a comparison, we also randomly selected 10 manually designed prompts for each dataset and
calculated the cosine similarity between these prompts. As shown in Figure 4(b), the overall similarity of
the manual prompts is relatively low, indicating that the manual prompts need to be carefully designed
according to the characteristics of different categories of images in different datasets. Such a process
undoubtedly relies excessively on the professional knowledge of domain experts and requires a lot of
effort and time.

4.6.2 Limitation

Our approach can automatically generate high-quality prompts according to different datasets, thus
relieving the pressure on clinicians to design prompts manually. However, it may still encounter failure
when confronted with a completely new disease dataset. For example, the model does not perform
particularly well in zero-shot classification on the COVID dataset that has not been seen at all during
pre-training. This is mainly because the pre-trained model has not seen COVID samples, nor does it
know the category of COVID. Therefore, similarly, it can be inferred that if there are other completely
new diseases, the model may still not be able to identify them very well without sufficient samples for
pre-training. The solution to this problem is to use more real-time updated datasets on the Internet for
pre-training to improve the representation transferability of the model.

In addition, our method has only been validated on the medical image classification task, and lacks
validation on other downstream clinical tasks such as medical image retrieval, segmentation, detection,
and prognosis prediction. In future studies, we will verify the accuracy and generalization ability of the
model in more tasks and datasets.
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5 Conclusion

In this work, we propose a weakly supervised prompt learning method that can automatically generate
medical text prompts for large-scale pre-trained vision-language models. On the one hand, the gener-
ated medical text prompts can assist in effectively transferring the pre-trained vision-language models
to downstream clinical tasks such as medical image classification; On the other hand, the automatic
generation of medical text prompts has freed clinicians from the pressure of manually designing prompts.
Abundant experimental results indicate that our proposed method achieves state-of-the-art performance
in few-shot and zero-shot classification of unseen classes. Moreover, the prompt learning method has the
potential to be embedded in any network architecture seamlessly.

6 Appendix

A. Comparison of zero-shot classification accuracy of different human prompts and auto-
matic prompts generated by our model on four datasets

Figure 5 presents the comparison of zero-shot classification accuracy of different manual prompts and
auto prompts generated by our model on four datasets.

Dataset Class Prompt Accuracy! Dataset Class Prompt Accuracy
minimal retrocardiac atelectasis at the bilateral lung Atelectasis |linear atelectasis at the left lung zone
Atelectasis b
ases Cardiomegaly |2P erect chest radiograph demonstrates the heart size
Cardiomegaly |cardiac silhouette size is upper limits of normal 93V lis the upper limits of normal
Consolidation |increased reticular consolidation at the right lower lobe 0.6000 Consolidation |improved bilateral consolidation at the left upper lobe 05390
Edema mild pulmonary edema Edema moderate pulmonary interstitial edema
Pleural Effusion [small right bilateral pleural effusion Pleural Effusion [right bilateral pleural effusion
MIMIC-CXR
CheXpert Atelectasis |trace atelectasis at the right lung base Atelectasis  |minimal bandlike atelectasis at the upper lung zone
Cardiomegaly |cardiomegaly which is unchanged ] Cardiomegaly |heart size is borderline enlarged
‘ Consolidation |improved partial consolidation at the left upper lobe 0.6030 Consolidation |retrocardiac consolidation at the right lower lobe 0.5420
: Edema improvement in pulmonary edema Edema moderate pulmonary edema
Pleural Effusion|stable right bilateral pleural effusion Pleural Effusion|decreased right bilateral pleural effusion
Atelectasis |mild trace atelectasis at the left lung zone Atelectasis |residual atelectasis at the bilateral lung bases
Cardiomegaly |redemonstration of cardiomegaly Cardiomegaly |cardiac silhouette size is mildly enlarged
Consolidation |partial consolidation at the left lower lobe 0.6070 Consolidation |increased reticular consolidation at the lower lung zone | 0.5460
Edema improvement in pulmonary edema Edema moderate trace interstitial edema
Pleural Effusion |decreased left subpulmonic pleural effusion Pleural Effusion |left bilateral pleural effusion
— V1 [V], - [V] [CLASS] 0.6220 — [V]; V], - [V] [CLASS] 0.5720
Dataset Class Prompt Accuracy
Normal cardiomediastinal silhouette is stable given differences
in positioning 0.5680
COVID patchy ground glass consolidation in peripheral Dataset Class Prompt Accuracy
COVID Normal in addition , there is thickening along the right pleura at Normal the cardiomediastinal silhouette is stable
the anterior junction line 0.7540 0.4350
. Pneumonia |mycoplasma at the left lower lobe
CovID confluent ground glass consolidation in lower RSNA
- Normal there are a probable trace left pleural effusion
multilevel  degenerative changes with  marginal 0.4859
Normal osteophyte formation of the thoracic spine are noted Pneumonia |mycoplasma at the mid lung zone
with mild dextroconvex curvature of the mid-to-lower| 07583 Normal compared with the prior studies , mild pulmonary
thoracic spine i vascular congestion is new 0.7462
COoVID patchy ground glass consolidation in mid Pneumonia |viral at the lung bases
— V11 [V]; - [V]m [CLASS] 0.7997 — [V]; [V]; - [V]m [CLASS] 0.7284

Figure 5 Comparison of zero-shot classification accuracy of different human prompts and automatic prompts generated by our
model on four datasets
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