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ABSTRACT

Medical vision-language models (VLMs) hold great promise for interpreting clinical data, yet struggle with fine-
grained concept recognition. In this work, we propose a finetuning approach for medical VLMs that improves
the discrimination of classes and class-descriptive concepts, thereby increasing interpretability by refining the
reasoning behind each class prediction. To this end, we use adapter-layers for finetuning a pre-trained VLM,
introduce prior knowledge about class-concept relations, and leverage supervised contrastive learning to learn
inter-subject correspondences. We evaluate our method on two use cases and vision-language models: melanoma
classification with MONET and multi-label lung disease classification with MedCLIP. Our results demonstrate
that finetuning with as little as 5% of training data yields better results than zero-shot prediction of the original
VLM, especially for fine-grained class definitions. Moreover, we show that our approach shows better perfor-
mance in regard to AUC and Fl-score than linear probing and prompt tuning, and it is more robust to class
imbalance. This highlights the strength of leveraging prior knowledge in medical VLM finetuning for maintaining
the generalization capabilities of foundation models while delivering competitive results on specialized tasks.
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1. INTRODUCTION

With the recent advancement in the field of computer vision as well as natural language processing, the modality
alignment of image and text becomes increasingly relevant. In the context of contrastive learning-based vision-
language models, Radford et al.! introduced CLIP (Contrastive Language-Image Pre-training) trained solely
on unlabelled data with the aim to perform zero-shot image-text matching and retrieval. In a survey on CLIP
models in medical imaging, Zhao et al.? identify three key challenges when it comes to the transfer of CLIP-based
pre-training from natural images to medical images. First, CLIP was trained to align global information, that
is, the whole image is matched with its corresponding text. In medical applications, pathologies are usually
described by single keywords in the report referring to image subregions. Hence, CLIP models for medical data
need to learn features at multiple scales. Second, medical datasets with paired images and reports are scarcely
available. Comparing medical and general-domain VLMs reveals that the amount of training data available
for the former is a multitude lower.> Third, medical semantics are highly specialized, complex, and carry
hierarchical dependencies. Not accounting for these challenges can lead to degraded performance and hidden
shortcut learning.? Due to the high stakes of biased decisions in healthcare, the interpretability of decision-
support systems becomes particularly important, and building user trust in the AI system forms a prerequisite
for deployment. In the area of interpretability, the trend is to move from local explanation methods to global,
instance-independent explanations such as prototypes or concepts.*® Hence, to improve interpretability, there
is a need for medical VLMs to differentiate classes, but also accompanying class-descriptive concepts. A concept
is a semantic characteristic that belongs to the class such as the location, the disease spread, or a visual feature
attributed to the disease. In the following examples, the class is marked in bold and the class-descriptive concepts
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in italic: “Moderate consolidation at the lower lung zone.” or “An image of a skin lesion with diffuse reqular
pigmentation, which indicates a nevus.”. Asillustrated in these examples, class-descriptive concepts help explain
why a diagnosis is assigned and indicate the image regions associated with the underlying pathology, thereby
enhancing interpretability and verifiability. Furthermore, class-descriptive concepts are naturally included in
the description of medical images or in radiology reports and should therefore be represented within the VLM’s
text encoder. However, an initial experiment evaluating the zero-shot performance of MONET,® a foundation
model trained on dermatological images, on the Derm7p’ test dataset shows that for the given example the
prediction performance on class-level can not be sustained, when the differentiation between classes becomes
more fine-grained. Table 1 shows the differences between classes and concepts for pigmentation, one of the seven
criteria defined in the Derm7p dataset,” and describes the mentioned experiment.

criterion Concept
iamentation Absent Localized Diffuse Localized Diffuse
Py Regular Regular Irregular Irregular
% nevus v v v
5 melanoma v v

Table 1: Definition of classes and concepts for the criterion pigmentation within the seven point evaluation in
Derm7p.” At class-level, a distinction is made only between pigmentations characterizing a nevus and pigmenta-
tions that are typical for melanoma. At concept-level, the pigmentation is described by five characteristics. The
mean accuracy for zero-shot prediction of the expressions of the criterion pigmentation using MONET® drops
heavily from 0.59 on class-level to 0.29 when class and concept need to be differentiated (class-concept-level).

In this study setup, an existing medical VLM and a labelled dataset for a specified task are given, and we aim
to finetune the VLM such that the new knowledge of the specified task is induced into the VLM while keeping
the general knowledge from original training. We measure the success of finetuning by examining the VLM’s
ability to distinguish fine-grained semantics of the class label. Existing research presents multiple methods for an
adaptation of the network architecture,® ! but falls short in investigating further options for suitable adaptations
of the loss function for finetuning. Especially, when finetuning on a small dataset, using the same loss function
as for training the VLM, i.e., a training strategy that exploits unsupervised contrastive learning, creates a noisy
supervision signal by separating all non-matching samples in a batch, regardless of semantics. A more granular
class definition, as explored in this work, further enforces the problem of cases being falsely pushed apart during
unsupervised contrastive learning.

1.1 Related Work

Many authors have identified the listed challenges of medical VLM training and addressed these in their work.
To enforce the learning of multiscale features, some authors aim to progress the cross-modal alignment of local
information, that is, an image subregion and single words.'? 16 More concretely, Huang et al.'? and Dawidowicz!'?
introduce a local contrastive loss on the attention-weighted features of image regions and features of single words.
These approaches utilize the fine-grained intra-subject correspondences, but ignore the fact that with smaller
amounts of available training data, many pairs in a batch are falsely pushed apart despite sharing high-level
semantics. To address this issue, Liu et al.!” calculate the similarity of reports via BioClinicalBERT and, in this
way, classify into positive, neutral, and negative alignment of reports further used in the loss calculation. Wang
et al.>1® combine synonym descriptions of classes (e.g., the disease) to encourage the model to learn inter-subject
correspondences. Another strand of research infuses structured expert knowledge as described in Unified Medical
Language System (UMLS)!'? into the network training, either by leveraging entity-relation triplets to improve
image-text alignment?® or by replacing the input texts with entity-relation triplets.2! 22

Building on the related work for original training VLMs, we propose to leverage class-concept relations
as prior knowledge to address the above-mentioned challenges. Our proposed method SCALE (Supervised
Contrastive Adapter Learning for fine-grained Evaluation) combines CLIP adapter® as a finetuning technique,
domain knowledge about hierarchical relationships on class- and concept-level, and supervised contrastive learn-
ing.?3 24 In this way, we aim to improve interpretability by distinguishing fine-grained expressions of classes, i.e.,
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class-concept-combinations. We apply our method to two use cases and their medical domain-specific VLMs,
i.e., MONETS® for the dermatological use case, and MedCLIP? for lung and heart disease classification on chest
X-rays. Furthermore, we assess the performance for varying amounts of labelled data and compare the results
to an image-based supervised baseline and a prompt tuning approach.

2. METHODS

Given a pre-trained medical VLM and labels for classes and class-descriptive concepts for an unseen training
dataset, we measure the success of finetuning by examining the VLM’s ability to distinguish fine-grained semantics
of the class label. To this end, the pairs of images I and texts T are passed through frozen image and text
encoders. Only appended adapter layers, as proposed by Gao et al.,® are trained in order to finetune the VLM.
Adapter layers enable the integration of new knowledge into the model, while mitigating the risk of overfitting and
catastrophic forgetting. The proposed loss function includes supervised loss terms for classes, concepts, and class-
concept combinations with the goal of capturing multiscale features and hierarchical semantics within medical
data. Furthermore, supervised contrastive learning is employed in our training strategy to exploit inter-subject
correspondences. When there is little training data available, not accounting for semantic correspondences in a
batch can lead to semantically similar image-text pairs to be falsely pushed apart in contrastive learning. Fig. 1
shows an overview of our proposed finetuning pipeline.
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Figure 1: Overview of SCALE’s training process. A batch of N image-text pairs is processed by the frozen
visual and text encoders. Next, the resulting embeddings are passed through the respective adapter. The
original embeddings and the adapted embeddings are blended and then used for loss calculation. The proposed
loss function maximizes the similarity between same classes, same concepts, and corresponding class-concept-
combinations in prediction matrix Z. Furthermore, supervised contrastive learning maximizes the similarity of
semantically similar image-text pairs across patients in a batch.

2.1 Network Architecture

Instead of updating the parameters of the whole VLM backbone, Gao et al.® propose to introduce adapter layers
and blend the embeddings resulting from the frozen backbone with the embeddings resulting from the adapters.
An adapter A is defined as follows:

A(f) = ReLU(f"Wr)Ws, (1)

where f are the visual features or text embeddings from the frozen CLIP backbone, W; and W5 are weights of
the bottleneck linear layers.® The residual-style blending happens according to f’ = aA(f)T + (1 — a)f where
« is also a learnable parameter. For our analyses, we used two adapters for both encoding branches.
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2.2 Loss Calculation

We assume that each concept [ € L belongs to Cj, a set of one or more classes, and each class ¢ € C is
associated with a set of concepts, denoted by L.. These class-concept relations are available as prior knowledge
that has been assigned according to the 7-point checklist for skin lesion evaluation in the dermatological use
case’ and an aggregated version of locations according to UMLS'? for the disease classification on thoracic X-
rays®® (see Sec. 2.3.1 for more details). Matrix @ contains all normalized cosine similarities between the image
embeddings I and text embeddings T'. For calculating the supervised loss terms, @ is transformed into Z such
that Z j, = Q j(p) where h € {1,2,...,C x L} is the index of all possible class-concept combinations and k is
the index of the first column associated with class-concept combination A in the columns of Q. The prediction
vector for image i € I, where [ = {1, 2. N}, is denoted by z* = Z;, ., where Z ¢ RN*(C*L) " The concept and

. . ~1 ~1 . . 'l . .
class prediction vectors 2 ,,cepts ad Z¢jassess reSpectively, are aggregated versions of z* according to:
= (21)21 wh = max{zg, }
Zconcepts = (21);=1, Where 2z = maxqiz¢,
st _ ¢ _ i
zclasses - (ZC)Czl ) Where Ze = max{ch}'

Let the ground truth y* = (I°,¢’, g') for image i be given as a triple of one-hot encoded ground truth
vectors for the concepts I°, the classes ¢!, and their combinations g¢ = G;. € {0, 1}1X(C'L). The first Lcg
term is the cross-entropy loss of the prediction vector z; to the ground truth class-concept combinations g*. In
order to increase the similarity of semantically similar concepts that belong to differing classes or similar classes
that belong to differing concepts, we added two supervised loss terms accordingly. Furthermore, we included
a supervised contrastive loss term Lgypcon to enable the model to learn inter-subject correspondences. For
multi-label classification in the second use case, as proposed by Zhang et al.,?* sample i is treated as a separate

sample for each class-concept combination G; . Given S(i) = I\ {4}, Lsupcon is defined as follows:

N

upCon/ 4 1 -1 eXp(qi ) qp/T)
['Su Con(GaQ) = [’f v (gz,qz) = A log - 2)
! ; |P(1)] pezpi.) > ses(iy exp(qt - g*/7) (

where q; = Q; and 7 is a temperature parameter, that controls the sharpness of a distribution.?? Given that
sample i is the anchor, P(i) = {p € S(i) : g° = g’} is the set of indices of all positives, i.e., all samples with the
same label as anchor i. The cardinality of this set is denoted by |P(¢)|. The total loss function is described by:

L= Z ECE(gia zi) + )\1£CE (l77 ’%ionccpts) + )\QECE (Civ Eilasscs) + )‘B’CSupCon(Gv Q) + >‘4£SupCon (Ga QT) (3)
iEN

Hyperparameter \; to \y were found empirically via grid search.

2.3 Experiments

To test our method’s performance, we chose two different use cases: 1.) Finetuning MONET® on the expressions
of the seven criteria defined in Derm7p® 7 and 2.) finetuning MedCLIP? on the class and location information of
lung/heart diseases in PadChest-GR.* 2% We compared the results of SCALE to the zero-shot prediction of the
original CLIP model! and the respective medical VLM, as well as linear probing and prompt tuning.?® Linear
probing, first introduced by Radford et al.,' has become a widely used baseline method.®2%27 In this setting,
the image encoder is kept frozen, and a linear classifier is trained on top of its features, typically using the
binary cross-entropy loss. The text encoder is not used during this process. For MedCLIP finetuning, we also
report results for linear probing with loss weighting to account for the severe class imbalance. Furthermore, we
evaluated different dataset sizes to assess the performance gains at the cost of greater labelling effort.

All models are trained for 150 epochs with a learning rate of 0.001. The batch size is adjusted adapted accord-
ing to the dataset size. No augmentations were used for finetuning in the first use case. Image augmentations
for finetuning are adapted from Wang et al.? for the finetuning of MedCLIP.
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2.3.1 VLMs and Datasets

The medical foundation model MONETS is a CLIP-based model trained on 105,550 image-text pairs within the
field of dermatology extracted from PubMed articles and medical textbooks. The image and text encoder is
a ViT-L/14 and a transformer architecture with 12 self-attention layers, respectively. The input image size is
224 x 224 pixels, while the token vector size is limited to 77 tokens. Both encoders output a 768-dimensional
embedding. MedCLIP? is a VLM trained on around 600,000 thoracic X-ray images from publicly available
datasets. The backbone image and text encoder is BioClinical BERT and a Swin Transformer with ImageNET
pre-trained weights, respectively. Linear projection heads output feature embeddings of the size 512.

The Derm7p dataset” is a dataset of 1.011 patients, 252 of which suffer from melanoma. The skin lesion
images are evaluated based on the 7-point skin lesion malignancy checklist and each criterion has two to eight
expressions. For example, pigmentation is one of the evaluation criteria; Tab. 1 shows its expressions and
their association with the pathology status. An increasing malignancy score determined based on the checklist
correlates with the probability of the skin lesion being melanoma. The prompts for finetuning the VLMs were
artificially composed by using ” A photo of a skin lesion with {concept-class-combination}.* as a template. The
Derm7p dataset provides a separate test dataset.

PadChest-GR is a large-scale dataset of thoracic chest X-rays?® with radiological reports in Spanish and En-
glish. 174 radiographic findings and 104 anatomical locations are annotated using UMLS!? terminology. Similar
to Wang et al.,> we evaluated the following classes: atelectasis, cardiomegaly, consolidation, and pleural effusion.
Each class was assigned a coarse location description, i.e., a combination of multiple unique identifiers defined
in UMLS. Locations that have less than ten cases were removed. In the following, the class and class-concept
definition for finetuning MedCLIP on Padchest-GR is presented. The class-concept-combinations are followed
by unique identifiers for the location definition and the number of positive cases.

atelectasis
atelectasis left lower lobe, [(C0225758 OR C1282378) AND C0443246, C1261077], 25
atelectasis retrocardiac, [Not given], 17
atelectasis right lower lobe, [(C0225758 OR C1282378)] AND C0444532, C1261075], 17
cardiomegaly
cardiomegaly cardiac, [C1522601], 437
consolidation
tconsolidation left lower lobe, [(C0225758 OR (C1282378) AND C0443246, C1261077], 13
consolidation right lower lobe, [(C0225758 OR C1282378) AND C0444532, C1261075], 13
pleural effusion
pleural effusion bilateral costophrenic angle, [C0230151 AND C0238767], 53
pleural effusion bilateral pleural, [C0032225 AND C0238767], 40
pleural effusion left costophrenic angle, (C0230151 AND C0443246) OR C0504100], 80
pleural effusion left pleural, [C0443246 AND C0032225], 76
pleural effusion right costophrenic angle(C0230151 AND C0444532) OR C0504099], 54
pleural effusion right pleural, [C0444532 AND C0032225], 57

After pre-processing, the dataset consisted of 748 patients, 15% of which were allocated to the test set via a
stratified split. The sentence-separated reports of Padchest-GR were used as prompts. To artificially enlarge the
dataset, we mixed non-corresponding image-text pairs of the same class-concept-combination.

2.3.2 Evaluation Metrics

We report the mean accuracy over all classes, macro recall and macro Fl-score. For binary and multi-label
classification, we additionally report the AUC. For AUC calculation of the VLMs, we used the same approach
as Hamamci et al.2® : The softmax is calculated over the similarity scores given two prompt options, i.e., the
class-concept-combination vs. ”No finding.“. The entry at the index of the ground-truth class of the resulting
probability vector was used for AUC calculation. For the dermatological use case, on class-level, we report the
mean over seven binary classes for each criterion for melanoma evaluation. More details can be reviewed in
Tab. 1. On concept-level, the expressions of each criterion are exclusive.
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3. RESULTS

As expected, the results show that the zero-shot performance of CLIP is consistently inferior to the finetuning
methods starting from using 5% of training data (see Fig. 2 and Fig. 3). For the dermatological use case, the
AUC and the accuracy on class-level and class-concept level is similar for all methods across different dataset
sizes. However, these comparatively high values are attributable to class imbalance, and performance differences
between methods become visible in the class-insensitive metrics. SCALE shows a higher recall and consequently
a higher F1-score than linear probing as well as the prompt tuning method, CoOp,2 on class- and class-concept-
level. Similarly, in the results for lung and heart disease classification in Fig. 3, we identified the class imbalance in
the PadChest-GR dataset to be the main cause for the poor performance of linear probing and prompt tuning in
recall and Fl-score. Consequently, we carried out a follow-up experiment by training the linear probing baseline
with loss weighting (light green dashed line in Fig. 3). When the class imbalance is accounted for in linear
probing, the method also achieves higher recall scores and similar AUC and F1-scores as the proposed method.
Furthermore, we observe that the performance gain with finetuning is generally higher on class-concept- than on
class-level. The t-SNE plots in Fig. 4 indicate that SCALE’s text embeddings for the class—concept combinations
form more coherent clusters than those of zero-shot Med CLIP.
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Figure 2: Results for the finetuning of MONET using the Derm7p” dataset. The percentage of the dataset that
is used for finetuning varies from 0.05, 0.1, 0.25, 0.5 to the whole dataset. When only part of the data set is
used, the results are averaged over five stratified random splits. The following figures show the average results,
with the error bars representing one standard deviation.

4. DISCUSSION AND CONCLUSION

In this work, we propose a finetuning approach for medical VLMs with the aim to do fine-grained class prediction
by infusing CLIP adapter® with prior knowledge about class-concept relations. From a technical perspective, we
align semantically meaningful inter-subject correspondences via supervised contrastive learning and embed the
hierarchical structure of concepts and classes into the loss function. From a clinical perspective, improving the
predictive performance on class-concept-level allows for zero-shot classification and image retrieval showcasing
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Figure 3: Results for the finetuning of MedCLIP using the PadChest” dataset. The percentage of the dataset
that is used for finetuning varies from 0.05, 0.1, 0.25, 0.5 to the whole dataset. When only part of the data set is
used, the results are averaged over five stratified random splits. The following figures show the average results,

with the error bars representing one standard deviation.
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not only the class prediction, but also the class-descriptive concepts, which give an indication of why a class
is predicted. This improves the interpretability of VLMs and serves as a step towards user trust and model
employment in clinical practice. Our results show that as little labelled data as 5% of the training dataset
(approx. 40 data points) is needed for finetuning to strongly outperform zero-shot models on class-concept-
level. Furthermore, we observe that linear probing and prompt tuning are sensitive to class imbalance, while
SCALE is more robust. Despite recent advances, a substantial performance gap remains between VLMs and fully
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Figure 4: T-SNE visualization of text embeddings of 100 randomly sampled reports, that describe the class
pleural effusion for finetuning MedCLIP on PadChest-GR.2° Colors indicate the corresponding class-descriptive
concepts.
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supervised approaches for highly complex, task-specific medical imaging problems with granular class definition.
As computational resources continue to grow, increasingly powerful VLMs are expected to emerge. Until such
models surpass supervised training, we propose to regard VLMs themselves as a form of prior knowledge that
can be leveraged for these applications. Within the methods of parameter-efficient fine-tuning of foundation
models, this study has explored adapter layers and a prompt tuning technique as a comparison method. For a
more comprehensive comparison, low-rank adaptation'® could have been explored as an additional comparison
method. Furthermore, in this work, we have identified the definition of the loss function for VLM finetuning as
an under-explored field of research, which should be further addressed in future research. This study has shown,
that leveraging prior knowledge within the loss function formulation in medical VLM finetuning on a small
labelled dataset has the advantage of keeping the general knowledge of a foundation model, while simultaneously
achieving competitive performance for the finetuned task.
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