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ARTICLE INFO ABSTRACT

Communicated by D. Liu In recent years, large-scale Vision-Language Models (VLM) have shown promise in learning general represen-

tations for various medical image analysis tasks. However, current medical VLM methods typically employ

Diagnostic imaging cont.rastive lea.rni.ng z.ipl?roaches .thatAhave limited ability to c.a;?ture nua.nced yet crucial medical knowledge,

Multimodal representation learning particularly within similar medical images, and do not explicitly consider the uneven and complementary

Vision-language model semantic information contained in different modalities. To address these challenges, we propose a novel
Multimodal Multitask Similarity Learning (M2SL) method that learns joint representations of image—text pairs
and captures the relational similarity between different modalities via a coupling network. Our method also
notably leverages the rich information in the text inputs to construct a knowledge-driven semantic similarity
matrix as the supervision signal. We conduct extensive experiments for cross-modal retrieval and zero-shot
classification tasks on radiological images and reports and demonstrate substantial performance gains over
existing methods. Our method also accommodates low-resource settings with limited training data availability
and has significant implications for enhancing VLM development.

Keywords:

1. Introduction such as cross-modal retrieval and zero-shot classification. Notably,
these approaches bridge the gap between visual and linguistic un-

The rapid growth of medical imaging datasets has accelerated derstanding, as exemplified by the success of CLIP [30]. A summary
the development of diverse deep-learning models to enhance clinical of current medical VLM is shown in Fig. 1: (a) two encoders for
decision-making processes, especially for diagnostic radiology. How- images and reports followed by a contrastive learning-based similarity
ever, annotating extensive medical imaging datasets demands special- matrix [10-18]; (b) multiple encoders for augmented images and re-
ized domain expertise and proves economically impractical at scale [1]. ports followed by both global and/or local contrastive learning-based
To address this challenge, a practical strategy entails leveraging in- similarity matrix [19-25,29]; (c) two encoders for images and reports
sights from the associated medical reports containing comprehensive followed by a matching loss-based similarity matrix with supervision

signal from corresponding labels [26-28]. However, there are two
fundamental issues with using paired medical images and reports.
First, the contrastive learning-based approaches (a-b) attempt to draw
together images and reports from the same patients while pushing
apart those from different patients. But clinical images or reports
unrelated to a given patient’s studies may still display similar visual
or textual patterns and hence encompass nuanced yet crucial medical
knowledge, discounting such data from different patients may lead to

diagnoses of medical conditions as identified by radiologists [2]. Deep
learning models that utilize multimodal data as inputs have drawn
more attention in recent years, driven by the use of attention mech-
anisms or transformers structure [3-9]. However, image-text joint
learning strategies are still needed for downstream tasks.

Accordingly, advances in Vision-Language Models (VLM) enable
joint training of image and text on large-scale datasets to generate
versatile and transferable representations for diverse downstream tasks

* Corresponding author.
E-mail addresses: yu_yang@i2r.a-star.edu.sg (Y. Yu), 0304997 @u.nus.edu (J. Wang), weide001@e.ntu.edu.sg (W. Liu), Ivan Ho@i2r.a-star.edu.sg
(L.H. Mien), pavitrak@i2r.a-star.edu.sg (P. Krishnaswamy), yang_xulei@i2r.a-star.edu.sg (X. Yang), cheng jun@i2r.a-star.edu.sg (J. Cheng).

https://doi.org/10.1016/j.neucom.2025.130018
Received 4 November 2024; Received in revised form 24 February 2025; Accepted 10 March 2025

Available online 18 March 2025
0925-2312/© 2025 Published by Elsevier B.V.


https://www.elsevier.com/locate/neucom
https://www.elsevier.com/locate/neucom
https://orcid.org/0000-0003-4700-284X
https://orcid.org/0000-0002-7002-4564
https://orcid.org/0000-0003-1786-6188
mailto:yu_yang@i2r.a-star.edu.sg
mailto:e0304997@u.nus.edu
mailto:weide001@e.ntu.edu.sg
mailto:Ivan_Ho@i2r.a-star.edu.sg
mailto:pavitrak@i2r.a-star.edu.sg
mailto:yang_xulei@i2r.a-star.edu.sg
mailto:cheng_jun@i2r.a-star.edu.sg
https://doi.org/10.1016/j.neucom.2025.130018
https://doi.org/10.1016/j.neucom.2025.130018

Y. Yu et al

Similarity Matrix
A) (B)

Similarity Matrix (

o) Similarity Matrix Prior Matrix

Image Report

Image Report Image Report

(A) — (C) Previous Medical Vision-Language Models

Label/En
tities

Neurocomputing 636 (2025) 130018

Fused Features

(D)

Relational

Similarity
Matrix

Semantic
Similarity
Matrix

Image Report
(D) M2SL (ours)

Fig. 1. Comparison of existing Vision-Language Models methods (a) [10-18], (b) [19-25], (c) [26-29], and (d) our proposed Multimodal Multitask Similarity Learning (M2SL)
method. The proposed method leverages rich medical knowledge from the associated reports to build the knowledge-driven semantic similarity and exploits a coupling network to

automatically assign weights to different modalities for learning the relational similarity.

false negatives [26,27,31]. Second, the assumption in the current VLM
(a—c) that equal information can be extracted from various modalities
during cross-modal learning does not generally hold as different modal-
ities usually show complementary relationships, leading to an uneven
distribution of information when representing the same scenario or
semantics [32]. This means features specific to each modality cannot
be perfectly matched across different modalities. Therefore, directly
aligning modality-specific representations from various modalities in a
unified space is inappropriate [33].

Recent developments in extracting semantic representations from
diverse multimodal data [32-38] and using soft labels computed from
text features instead of hard labels [39,40] also offer insights for
soft cross-modal alignment. However, applying these in the context of
radiological data requires overcoming significant disparity between the
general image-text pairs and those found in the medical domain.

In this work, we introduce a novel method termed Multimodal
Multitask Similarity Learning (M2SL) shown in Fig. 1d to address the
false negatives and uneven and complementary semantic information
challenges. We first leverage rich medical knowledge from the asso-
ciated reports to build the knowledge-driven semantic similarity for
fulfilling additional supervision and further exploit a coupling network
to automatically assign various weights to different modalities for
learning the relational similarity. Our method aims to address the
aforementioned challenges by integrating and learning varying rela-
tionships between different modalities with a soft semantic matching
loss, thereby enhancing the comprehensive understanding of medical
images.

1. We present a novel multimodal multitask method that cap-
tures the relational similarity via a coupling network, allowing
the model to implicitly account for the unequal distribution of
information across distinct modalities.

2. We leverage the information in the text inputs to construct a
knowledge-driven semantic similarity matrix as the supervision
signal to equip the model with the ability to capture the subtle
yet crucial medical knowledge.

3. We perform a series of experiments with various ablation studies
on Chest X-rays to showcase the substantial performance en-
hancements over existing methods on cross-modal retrieval and
zero-shot classification tasks. We also demonstrate the adapt-
ability to practical scenarios characterized by limited access to
training data.

2. Related work
2.1. Vision-language model on medical imaging data
Inspired by the recent advancements in CLIP [30] which jointly

trains an image encoder and a text encoder to predict the correct pair-
ings of a batch of (images, reports) training examples, ConVIRT [10]

adopts an approach by jointly training vision and text encoders on
paired images and reports, employing a bidirectional contrastive loss.
GLoRIA [20] and MGCA [24] expand to encompass interactions at
different levels between medical images and reports, enabling the
extraction of pathological information from specific regions of the
images. BioViL [12] utilizes a radiology-specific text encoder along
with text augmentation and regularization techniques and thus pre-
serves the quality of the language model by employing a masked
language modeling loss on paired biomedical data. CXR-CLIP [21] and
DeCLIP [22] expand image-label pairs into image—text pairs through
a general prompt by leveraging multiple views and sections in re-
ports to address the shortage of data. CARZero [29] employs cross-
attention mechanisms to generate Similarity Representation (SimR) and
utilizes a Large Language Model (LLM) to reformulate medical reports
into a unified prompt template. MRT [41] focuses on the direct ma-
nipulation of multimodal representations within LMMs. Other studies
such as MedViLL [18], MRM [11], REFERS [23], CMITM [13], and
MPMA [14] have also further explored and extended self-supervised
multimodal learning for fine-tuning and/or transfer learning using
unmasked/masked image-report radiological data. Moreover, RadVLM
[42] combines visual and textual data to perform tasks such as im-
age captioning, question answering, and report generation, highlight-
ing the potential of vision-language models in healthcare. Similarly,
RadAlign [43] enhances radiology report generation by aligning visual
and textual concepts, improving the model’s comprehension of medi-
cal images and their descriptions for more accurate and contextually
relevant reports. Despite these successes, conventional contrastive loss-
based approaches may not have the capabilities to capture the nuanced
yet crucial medical knowledge and simply treating the other reports as
negative samples may introduce noise into the model learning process.
MedCLIP [26] and SAT [27] address this issue through a customized
matching loss and a reconstructed contrastive objective, using labels
and extracted entities from reports as the supervisory signal. How-
ever, all those existing methods do not explicitly consider the uneven
and complementary information contained in the two modalities and
attempt to map distinct modalities onto a latent shared space with
an equal amount of the information for direct comparing of repre-
sentations across modalities by a widely used distance metric [44].
Recent research on prompt tuning in multimodal and visual models
has also introduced several innovations. M2PT [45] integrates visual
and textual prompts within vision encoders and language processors to
enhance cross-modal feature alignment. E>VPT [46] employs learnable
key—value prompts in self-attention layers to improve fine-tuning effi-
ciency. VFPT [47] leverages Fast Fourier Transform (FFT) in prompt
embeddings, enabling feature extraction in both spatial and frequency
domains. DPLNet [48] proposes a dual-prompt learning framework for
efficient multimodal semantic segmentation by leveraging both visual
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Fig. 2. The workflow of the proposed Multimodal Multitask Similarity Learning (M2SL) method. The image and text representation learning modules first extract the corresponding

features ¥, and T,. Then, the relational similarity matrix R is computed via a coupling ne
S is calculated by using the outputs T of the text encoder network as a soft label M for
closely approximate the semantic similarity matrix S.

and textual prompts to understand and process multimodal inputs effec-
tively. [49] examines when Visual Prompt Tuning (VPT) outperforms
full fine-tuning for adapting large-scale vision models. FaST [50] in-
troduces a dynamic system switch for task-dependent reasoning. While
these advancements refine prompt tuning in VLM, their generalization
capabilities across a wide range of tasks on medical datasets require
further validation as medical datasets feature complex, domain-specific
terminology that demands a deep understanding and context. Prompt
tuning may struggle to capture the intricate relationships and special-
ized language in medical imaging, where precise comprehension of
medical terms exceeds the capabilities of simple prompt-based learning.

2.2. Cross-modal retrieval for paired images and reports

Early retrieval methods in radiology depended on manually engi-
neered characteristics, targeting specific regions highlighted by clin-
icians to locate database images sharing similar visual traits [51].
Recent progress has delved into broader applications of deep learning
techniques for retrieval, focusing on similarities in modality or body
parts [52]. Yet, these techniques remain unproven in complex clin-
ical retrieval scenarios where user input is scarce, and they fail to
leverage the potential of multimodal data within radiology databases.
Conversely, recent literature has progressed deep learning techniques
to effectively acquire semantic representations from diverse multi-
modal data sources, enhancing automated retrieval with access to large
paired datasets for both images and reports. Significant strides have
also been made in the radiology domain with cross-modal retrieval
methods, where text has been employed to improve the retrieval per-
formance [10,20,21,26,53-55]. Nonetheless, cross-modal retrieval in
the broader general domain mainly focuses on global image regions
and labels. In contrast, in the realm of medical imaging, where bodily
or organ structures frequently exhibit resemblances among patients,
nuanced details prove more crucial as markers of various diseases, yet
they tend to be disregarded more easily [56].

twork using the further processed fuse feature Z. Also, the semantic similarity matrix
paired images and reports. It is expected that the relational similarity matrix R will

2.3. Zero-shot classification

In zero-shot classification, the objective is to identify classes not
encountered during training [57]. Generalized zero-shot classification
expands to identify images across known and unknown domains. Dur-
ing the learning process, the model learns to link class attribute vectors
with corresponding feature representations, establishing a dependable
anchor for generating features of known and unknown classes alike.
By utilizing the class attribute vector of the target class, it can cre-
ate the corresponding feature representation, enabling effective cross-
referencing [58]. However, medical images lack well-defined class
attributes, as defining unambiguous attribute vectors for different dis-
ease classes requires significant clinical expertise and time, especially
for unseen classes. Therefore, applying existing zero-shot methods to
medical image classification is not straightforward. As an attempt to
circumvent this problem, certain approaches leverage unlabeled data
from unseen classes in a transductive manner [59,60]. However, the
absence of supervised information from the unseen domain poses a
notable hurdle in distinguishing between disease labels, particularly
when many labels exhibit similar appearances.

3. Method

Our M2SL method illustrated in Fig. 2 achieves a robust cross-
modal similarity metric by utilizing the proposed pairwise relational
similarity and report-driven semantic similarity. This method effec-
tively addresses cross-modal discrepancies and also ensures that the
distinct characteristics of each modality are preserved by learning an
optimal cross-modal similarity metric with additional supervision from
rich information contained in the reports.

3.1. Visual and textual embedding learning

We consider both the image and its corresponding report as inputs.
We denote the set of n samples of the image modality as &, = {x,l}, xi,
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..., X"}, where x! denotes the ith data input for the image modality v.
We also denote the set of n samples of the text modality ¢ as &, = {xtl,
xtz, ..+> X{}, where x;' denotes the ith data input for the text modality. It
is noteworthy that both image and text modalities encompass the same
categories.

For image modality, an image input x is firstly fed into the pre-
trained image encoder to obtain the output embeddings v* and then
fed into the corresponding modality-specific representation learning
network, denoted as g,(-), to learn the highly nonlinear features. To
construct the representation learning network, we utilize three fully
connected layers, each followed by a Rectified Linear Unit (ReLU)
activation function. This architecture enables the network to capture
and model complex patterns in the data, enhancing its ability to learn
and generalize from the input embeddings with same dimensions. The
objective of this setup is to reduce complexity by consolidating various
data types and promoting the learning of semantic representations
for each type of data. We could denote the derived modality-specific
feature vector for the image modality as v;:

v, =g, M

For text modality, medical reports x! often contain lengthy para-
graphs that demand reasoning over multiple sentences. To address
this issue, we utilize a self-attention-based language model as a text
encoder to obtain the output embeddings #. Such model is adept
at comprehending long-range semantic dependencies within these re-
ports, ensuring a more nuanced and accurate interpretation of the
text inputs. Similarly, three additional connected layers followed by a
ReLU activation function are stacked on the text encoder to construct
the representation learning network. We could denote the obtained
modality-specific feature vector for the text modality as t;:

1, = g(t). )

We also denote the image and text embedding sets as V and T where

vV = {v'}_ and T = {¢'}_, and further denote the image and text
" \n

feature set as V', and T, where V, = {v}}i=1 and T, = {t;}

i=

3.2. Relational similarity computation

Unlike existing methods [10,12,20,21,23,26,30] to directly use the
obtained image/text features to compute the pairwise similarities, we
propose to use a coupling network trained in a Multilayer Perceptrons
(MLP) fashion for capturing the nonlinear metric and computing the
pairwise similarities between paired data. Prior work on VLM primarily
employs fixed distance metrics, such as Euclidean or cosine distance, for
cross-modal alignment. These metrics assume elementwise feature com-
parison and linear separability after embedding, making performance
heavily dependent on the learned embedding network. Consequently,
their effectiveness is limited when embeddings are not sufficiently
discriminative. In contrast, an MLP-based coupling network, with non-
linear activation, jointly learns both a deep embedding and a flexible,
non-linear similarity metric. This enables more robust identification
of matching and mismatching pairs. We first employ concatenation
operation as a fusion mechanism denoted as f,,,..(-) to get the fused
feature set Z for any pairwise cross-modal samples from image feature
set ¥, and the text feature set T,,. We denote the fused feature set:

_ T
Z = frpnea V. T, )

where the superscript 7 denotes the transpose of a matrix.

Finally, we exploit a four-layer MLP-based and trainable coupling
network denoted as g (-) to get the pairwise relational similarity matrix
R using the obtained fused feature set Z:

R =g.(2). (€3]

Neurocomputing 636 (2025) 130018

The coupling network g.(-) transforms each fused feature vector
into a singular predicted similarity for the corresponding image-text
pair, by directly modeling the pairwise similarity between different
modalities and therefore bypasses the need to account for the unequal
distribution of information across the distinct modalities. This approach
also ensures that various weights could be automatically assigned to
different modalities to exploit the uneven and complementary semantic
information, instead of mapping distinct modalities into a latent shared
space with an equal amount of the information.

3.3. Semantic similarity computation

To fulfill the additional supervision, we then leverage the rich
information contained in the T to construct a knowledge-driven soft
label set denoted as M for any pairwise cross-modal samples using the
same fusion mechanism f,,,.,(-) as in Eq. (3), with the images and text
feature sets replaced with the text embedding set:

M = f(.‘DnCHf(TT’ T)’ (5)

Instead of directly using the labels shared by paired images and
texts, we measure their semantic similarity from the shared reports, via
the direct element-wise distance calculation f,(-) from the soft label set
M. We denoted the pairwise semantic similarity matrix as .S:

S = fq(M). (6)

3.4. Loss calculation

In the proposed method, the pairwise relational similarity matrix R
is expected to approximate the semantic similarity matrix .S, and the
objective function is formulated as follows:

2
L=]|R-Sl%, )

where ||.|| is the Frobenius norm. This loss function facilitates the
training of the M2SL method through a back-propagation mechanism
and a stochastic gradient descent-based optimization algorithm.

3.5. Performance evaluation

In the testing phase, we utilize the computed relational similarity
to represent the distance between a query image x,? and every sample
within the text database XrD . For cross-modal retrieval, we rank the
database entries based on this distance, thereby obtaining the desired
outputs. In zero-shot classification, building on the approach proposed
in [20,30], we reformulate the image classification task as an image-
text similarity measurement problem by converting classification labels
into textual descriptions. Specifically, we collaborated with a radiol-
ogist to incorporate medical domain knowledge in generating mean-
ingful textual representations for each classification category. These
descriptions encompass relevant subtypes, severities, and anatomical
locations associated with the medical conditions. To construct the
textual prompts, we systematically generate class representations by
randomly combining appropriate terms for subtypes, severities, and
locations, ensuring comprehensive and clinically relevant descriptions.

4. Experiments and results
4.1. Datasets

We utilized multiple datasets and performed a range of experiments
to evaluate the effectiveness of the proposed method across different
tasks.

4.1.1. MIMIC-CXR dataset

MIMIC-CXR dataset is a comprehensive 2D chest X-ray repository
with associated free-text radiology reports [61]. We used the stratified
training split (157 392 paired image—text) of this dataset for feature
representation learning and modality alignment.
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Table 1
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Performance comparison between proposed method (M2SL) and other state-of-the-art methods [10,12,20,21,23,24,26,29,30] for cross-modal retrieval (mAP: mean average precision)
and zero-shot classification (Acc (Std): Accuracy with Standard Deviation) tasks on the MIMIC-5 x 200, CheXpert-5 x 200, and RSNA datasets.

Methods and tasks Cross-modal retrieval

Zero-shot classification

MIMIC-5 x 200 MIMIC-5 x 200 CheXpert-5 x 200 RSNA

mAP@1 mAP@5 mAP@10 Acc (Std) Acc (Std) Acc (Std)
CLIP [30] 0.169 0.412 0.388 0.206 (<0.01) 0.197 (<0.01) 0.457 (0.011)
ConVIRT [10] 0.465 0.539 0.538 0.438 (<0.01) 0.352 (<0.01) 0.774 (0.027)
GLoRIA [20] 0.467 0.564 0.550 0.475 (<0.01) 0.450 (<0.01) 0.683 (<0.01)
MGCA [24] 0.471 0.574 0.554 0.480 (<0.01) 0.409 (<0.01) 0.762 (0.012)
BioViL [12] 0.473 0.577 0.556 0.485 (<0.01) 0.422 (<0.01) 0.771 (0.013)
MedCLIP [26] 0.476 0.580 0.559 0.471 (<0.01) 0.411 (<0.01) 0.818 (0.016)
REFERS [23] 0.524 0.599 0.586 0.495 (<0.01) 0.418 (<0.01) 0.780 (<0.01)
CXR-CLIP [21] 0.518 0.612 0.585 0.497 (<0.01) 0.359 (0.016) 0.769 (0.017)
CARZero [29] 0.521 0.610 0.587 0.502 (<0.01) 0.405 (<0.01) 0.783 (<0.01)
M2SL (ours) 0.556 0.619 0.608 0.511 (<0.01) 0.407 (<0.01) 0.831 (<0.01)

4.1.2. MIMIC-5 x 200 dataset

For evaluation purposes, we sampled a multi-class classification
subset derived from the stratified testing split from MIMIC-CXR, fol-
lowing similar settings in [20]. This group consists of 1000 images that
are exclusively positive for the five tasks: Atelectasis, Cardiomegaly,
Edema, Pleural effusion, and Pneumonia.

4.1.3. CheXpert-5 x 200 dataset

We included the CheXpert dataset, which is a comprehensive com-
pilation of 2D chest X-rays [62]. A CheXpert-5 x 200 subset was also
sampled for the same five tasks as mentioned earlier for evaluation
purposes.

4.1.4. RSNA pneumonia dataset

We also exploited the RSNA Pneumonia dataset, which encompasses
pneumonia cases extracted from a public database of 2D chest X-
rays [63]. The dataset is structured as a binary classification task,
distinguishing between pneumonia and normal cases. We extracted
a balanced subset of 1000 images with approximately a 1:1 ratio of
positive and negative instances.

Our model is trained using the training images of MIMIC-CXR
dataset, and tested on MIMIC-5 x 200, CheXpert-5 x 200, and RSNA
datasets. The performance of our model on MIMIC-5 x 200 indicates the
capability of the proposed approach for cross-modal retrieval using the
image to search for similar reports. The performance of our model on
MIMIC-5 x 200, CheXpert-5 x 200, and RSNA indicates the generaliza-
tion ability and robustness of the proposed approach for prompt-based
zero-shot classification.

4.2. Implementation details

The proposed M2SL method contains two parts, feature represen-
tation learning and modalities alignment. For feature representation
learning, we used the DenseNet-121 [64] fine-tuned with selected train-
ing datasets as the backbone for the vision encoder, and CheXbert [65]
with weights drawn from the transformer library as the backbone
for the text encoder, followed by representation learning network to
extract high-level representations from various modalities. We provided
ResNet-50 [66] and Swin Transformer [67], which is in line with
previous works [10,12,20,21,23,24,26,29,30] as the alternative vision
encoders. We also provided BioClinicalBert [68], which is in line with
previous works [10,20,21,23,24,26,29] as the alternative text encoders.
For modalities alignment, we froze the encoders and utilized the re-
sulting modality-specific representations to create pairwise samples
via a fusion mechanism. These pairwise samples were then fed into
the coupling network, generating a pairwise relational similarity. We
utilized image augmentations to first scale the raw images to 224 x 224
and then applied a random horizontal flip with 0.5 probability. For
other hyperparameters, optimizer selection was set to Adam, learning
rate was initially set to 1e—4 with a beta of [0.5, 0.99], weight decay

of 1e-4, and cosine annealing scheduler. The batch size was set to 128
for experiments with iterations set to 60000. We trained our model
with 14 million of trainable parameters on 160,000 paired images and
reports using a single Nvidia RTX A5000 GPU, completing the process
in approximately 4 h. For inference across various downstream tasks,
it processes 1000 images in just less than 5 s on the same GPU.

4.3. Evaluation metrics

We investigated the performance of the proposed method for cross-
modal retrieval and zero-shot image classification tasks. For the cross-
modal retrieval, we reported top K mean Average Precision (mAP)
scores for K = 1/5/10 (K is the number of retrieved cases). For the
zero-shot classification using text prompts, we reported Accuracy (Acc)
with the mean and Standard Deviation (Std) across three runs for the
random prompt generation process.

4.4. Comparison with state-of-the-art methods

We compared the performance of our proposed M2SL method
against other existing vision-language joint representation learning
state-of-the-art (SOTA) methods, including CLIP [30], ConVIRT [10],
GLoRIA [20], MGCA [24], BioViL [12], MedCLIP [26], REFERS [23],
CXR-CLIP [21], and CARZero [29].

We first assessed the semantic richness of learned relational similar-
ity using MIMIC-5 x 200 dataset within the context of the cross-modal
retrieval task. Using the image as a query input, we evaluated the
similarity between the queried image and all potential reports. We
employed precision@K based on the alignment of the report category
with that of the query image to compute the mean average precision
of the top K retrieved reports. The obtained results highlight the better
performance of our proposed M2SL method (Table 1), suggesting that
our approach supports the necessary complementary semantic data for
cross-modal retrieval.

We then conducted evaluation on three datasets: MIMIC-5 x 200,
CheXpert-5 x 200, and RSNA for zero-shot classification, with results
also shown in Table 1. We utilized trained image-text encoders and
coupling networks to make zero-shot predictions by computing the
relational similarity of aligned image features and the features of gen-
erated prompts for each disease category. Notably, for MIMIC-5 x 200,
our approach demonstrates consistent performance improvements com-
pared to all SOTA methods. The results indicate the effectiveness of
employing prompt ensembles within the proposed M2SL method, lead-
ing to enhanced overall performance improvements. We observed that
the zero-shot classification performance on CheXpert-5 x 200 is lower
than that of GLoRIA. This discrepancy may be attributed to GLoRIA’s
explicit incorporation of a localized image-text attention mechanism,
which likely enhances its ability to generalize to CheXpert’s classifi-
cation setup, given its distinct curation process. For RSNA, our model
outperforms all the SOTA methods.
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Fig. 3. The performance visualization of the proposed method (M2SL) and selected state-of-the-art (SOTA) method (REFERS [23]) for cross-modal retrieval and zero-shot classification
tasks on different classes from MIMIC-5 x 200 dataset. If the label from the retrieved text or prompt matches with the label from the ground truth report, it is considered as a
correct (green) retrieval or classification; otherwise, it is considered as an incorrect (red) case. Graphs are mosaicked for confidential purposes.

Table 2

Ablation study on image (Img) and text (Ttx) encoder selection for cross-modal retrieval (mAP: mean average precision) and zero-shot classification (Acc(Std): Accuracy with
Standard Deviation) tasks on the MIMIC-5 x 200, CheXpert-5 x 200, and RSNA datasets. Rs,: ResNet-50, SwinT: Swin-Transformer, D;,,: DenseNet-121.

Methods and tasks Cross-modal retrieval

Zero-shot classification

Encoder (Img+Txt) MIMIC-5 x 200 MIMIC-5 x 200 CheXpert-5 x 200 RSNA
mAP@1 mAP@5 mAP@10 Acc (Std) Acc (Std) Acc (Std)
Rso+CheXbert 0.540 0.610 0.594 0.496 (<0.01) 0.434 (<0.01) 0.811 (<0.01)
SwinT+CheXbert 0.530 0.593 0.583 0.499 (<0.01) 0.446 (<0.01) 0.844 (<0.01)
D;,; +BioClinicalBert 0.526 0.602 0.583 0.502 (<0.01) 0.403 (<0.01) 0.815 (<0.01)
D;,; +CheXbert 0.556 0.619 0.608 0.511 (<0.01) 0.407 (<0.01) 0.831 (<0.01)

4.5. Modality alignment visualization

Retrieval results for the proposed method (M2SL) and selected
SOTA method (REFERS [23]) of example X-ray images in the MIMIC-
5 x 200 dataset are illustrated in Fig. 3 for both cross-modal retrieval
and zero-shot classification tasks. For each query, the test image and
its associated report are displayed alongside the retrieved report and
prompt. In these cases incorrectly retrieved by the REFERS method yet
correctly retrieved by the M2SL method, the proposed method captures
the correct label and accurately identifies the severity and location of
diseased areas. An example is shown in the fourth image from the left,
where our proposed method could successfully identify mild atelectasis
in the lower lungs, usually caused by a blockage of the air passages
or pressure on the lung. For incorrect retrieval (e.g., the first image
from the left), M2SL still identifies semantically relevant airspace shad-
owing, as pneumonia remains a plausible differential diagnosis based
on imaging alone. Addtionally, M2SL overlooks pulmonary edema in
the left lung. However, it is important to note that both pulmonary
edema and pneumonia can lead to fluid accumulation in the lungs,
making differentiation challenging. While a clinician interpreting the
image would typically have access to complementary scans and clinical
information not available to the model. Integrating clinical information
and health records into textual reports could potentially enhance the
M2SL model’s ability to generate more precise diagnoses.

4.6. Ablation study

A series of experiments on ablation studies were conducted to verify
the performance of the proposed M2SL method, which was explored in
the following four aspects.

4.6.1. Ablation study on encoder selection

To thoroughly investigate the encoding capabilities of different
image and text encoders, we conducted two comprehensive sets of
experiments in Table 2. The experimental results revealed that while
fixing the text encoders, the consistency of having better performance
using our proposed M2SL method is observed across all chosen image
encoders (1st and 2nd row). Interestingly, we also noticed that when
being evaluated on the CheXpert-5 x 200 and RSNA datasets for the
zero-shot classification task, the Swin-Transformer model (2nd row)
tends to perform better for capturing more semantic meaningful rep-
resentations when facing domain shifts (with performance close to the
highest accuracy of 0.450 from GLoRIA [20] on the CheXpert-5 x 200
dataset), as it retains the efficiency processing image patches while
utilizing Transformers to capture multi-scale features for enhancing
both local and global feature learning. This finding underscores the
importance of selecting an appropriate image encoder as a potential
strategy for handling datasets where strong local image—text alignment
plays a crucial role in classification. However, it is crucial to recognize
that these advantages come with significant computational expenses,
rendering the approach less cost-effective. Moreover, when switching
the text encoders from CheXbert to BioClinicalBert while fixing the
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Table 3
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Ablation study on the effectiveness of proposed components: report-based semantic similarity (S;) and coupling network (g,) with relational similarity
(R) for cross-modal retrieval (mAP: mean average precision) and zero-shot classification (Acc (Std): Accuracy with Standard Deviation) tasks on the

MIMIC-5 x 200 dataset.

Methods and tasks

Cross-modal retrieval

Report-based Coupling network (g.) and

MIMIC-5 x 200

Zero-shot classification

MIMIC-5 x 200

Semantic similarity (.S) Relational similarity (R) mAP@1 mAP@5 mAP@10 Acc (Std)

X X 0.460 0.524 0.508 0.465 (<0.01)
v X 0.467 0.560 0.537 0.467 (<0.01)
X v 0.542 0.603 0.595 0.496 (0.015)
v v 0.556 0.619 0.608 0.511 (<0.01)

Table 4

Ablation study on coupling network (g.) structure for cross-modal retrieval (mAP:
mean average precision) and zero-shot classification (Acc(Std): Accuracy with Standard
Deviation) tasks on the MIMIC-5 x 200 dataset. MLP: MultiLayer Perceptron.

Methods and tasks

Cross-modal retrieval Zero-shot classification

MIMIC-5 x 200

Coupling network MIMIC-5 x 200

(&) mAP@1 mAP@5 mAP@10 Acc (Std)

3-Layer MLP 0.439 0.523 0.504 0.502 (<0.01)

4-Layer MLP 0.556 0.619 0.608 0.511 (<0.01)

5-Layer MLP 0.549 0.593 0.587 0.509 (<0.01)
Table 5

Ablation study on feature vector dimensions for representation learning for cross-modal
retrieval (mAP: mean average precision) and zero-shot classification (Acc(Std): Accuracy
with Standard Deviation) tasks on the MIMIC-5 x 200 datasets.

Methods and tasks

Cross-modal retrieval Zero-shot classification

Feature vector MIMIC-5 x 200 MIMIC-5 x 200

Dimensions mAP@1 mAP@5 mAP@10 Acc (Std)

200 0.531 0.608 0.597 0.497 (<0.01)
300 0.556 0.619 0.608 0.511 (<0.01)
400 0.536 0.601 0.587 0.515 (<0.01)
1000 0.530 0.583 0.548 0.489 (<0.01)

image encoders, there was a slight drop in model performance, but
still better than most SOTA models (3rd row). CheXbert was initially
trained with annotations derived from a rule-based labeler and sub-
sequently fine-tuned using a smaller dataset of expert annotations,
which were further augmented through automated back-translation
employing “uncased” text. In contrast, BioClinicalBERT was initialized
with the weights of BioBERT and further trained on clinical notes from
the MIMIC-III dataset, using “cased” text. Consequently, text encoders
that are more specifically tailored to radiology reports demonstrate
incrementally superior performance. This observation is also consistent
with the findings in [69].

4.6.2. Effectiveness of proposed components

To fairly evaluate the benefits of various components for our pro-
posed M2SL method, we separately investigated its impact in Ta-
ble 3 for cross-modal retrieval and zero-shot classification tasks on
MIMIC-5 x 200 dataset. When replacing the label-based prior with a
knowledge-driven semantic similarity leveraging the rich information
from the reports as the additional supervision (1st to 2nd row), there
is a performance improvement of up to 0.036 for mAP for cross-modal
retrieval task compared to the conventional method of constructing
similarity using the labels, and such improvements are even more
obvious with coupling network and relational similarity added (3rd to
4th row). These results are also consistent with our hypothesis that a
knowledge-driven semantic similarity matrix could serve as an extra
supervision signal to better guide the learning process by shedding light
on alleviating false negatives. Additionally, adding the relational simi-
larity computed from a coupling network with fused features (1st to 3rd
row and 2nd to 4th row) could also contribute to the performance incre-
ment of the retrieval task by up to 0.089 for mAP, in comparison with

directly using the obtained image/text features to compute the pairwise
similarities. This approach efficiently bridges the gap between different
modalities without the need to explicitly learn a shared feature space.
Moreover, when both semantic similarity and relational similarity are
used (1st to 4th row), there is a performance increment up to 0.100
for mAP. Similar performance improvements could also be observed for
zero-shot classification tasks when evaluating the contributions of those
two components. These findings further demonstrate that our M2SL
method effectively computes pairwise similarity while addressing the
challenge posed by the varying levels of information across different
modalities.

4.6.3. Ablation study on coupling network structure

Ablation experiments were also conducted on the coupling network
structure: number of MLP layers in Table 4. For the MLP-layer number,
we set it to 3, 4 (default), and 5 on the MIMIC-5 x 200 dataset. Accord-
ing to the result, M2SL is optimal for MLP-layer number of 4 for both
cross-modal retrieval and zero-shot classification tasks. Furthermore,
the findings suggest that a more intricate coupling network does not
necessarily ensure superior performance compared to a simpler model.
We attribute this phenomenon to the characteristics of the dataset’s dis-
tribution. Specifically, when the data distribution is relatively uniform,
expanding the coupling network’s complexity may not consistently
enhance performance. This implies that the relationship between net-
work complexity and performance improvement is contingent upon the
inherent properties of the dataset.

4.6.4. Ablation study on feature vector dimensions

We further conducted ablation experiments on the derived
modality-specific feature vector after representation learning networks
with different dimension numbers from 200, 300 (default), 400, and up
to 1000 in Table 5. The results indicate that the model demonstrates
optimal performance when the feature vector dimensions are set to
300. It is noteworthy that the influence of feature vector dimen-
sions on the model’s performance is relatively less compared to the
significance of the coupling network structure. This observation is
particularly pronounced in the context of cross-modal retrieval tasks.
Like the projection module in contrastive learning, the representation
learning network transforms high-dimensional embeddings into low-
dimensional features. This dimensionality reduction not only facilitates
the identification of patterns and anomalies but also enhances our
overall understanding of the data’s underlying structure. To simulate
scenarios involving higher-dimensional feature inputs for the cou-
pling network, we extended our ablation study by increasing the
feature vector dimensions to 1000. The results indicate even with these
high-dimensional inputs, the model’s performance remains consistently
comparable, demonstrating its robustness in handling increased feature
complexity.

4.6.5. Ablation study on fusion mechanisms

We also investigated the effects of various fusion mechanisms for
relational similarity calculation including common-used methods such
as adding, multiplication, and concatenation in Table 6. The results
indicate that element-wise addition or multiplication only partially
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Fig. 4. The performance of the proposed Multimodal Multitask Similarity Learning (M2SL) method for (a) cross-modal retrieval and (b) zero-shot classification tasks on MIMIC-

5 X 200 dataset using different amounts of training data (5%, 10%, 25%, 50%, 100%).
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Table 6

Ablation study on fusion mechanisms for cross-modal retrieval (mAP: mean average
precision) and zero-shot classification (Acc(Std): Accuracy with Standard Deviation)
tasks on the MIMIC-5 x 200 datasets.

Methods and tasks

Cross-modal retrieval Zero-shot classification

Fusion MIMIC-5 x 200 MIMIC-5 x 200
Mechanisms mAP@1 mAP@5 mAP@10 Acc (Std)
Adding 0.465 0.545 0.529 0.483 (<0.01)
Multiplication 0.526 0.590 0.578 0.476 (<0.01)
Concatenation 0.556 0.619 0.608 0.511 (<0.01)

captures the interactions and correlations among multi-modal features,
potentially hindering fusion performance. In contrast, concatenation
introduces new positional dimensions to the processed features, inte-
grating them as additional components without disrupting the original
features, leading to a more coherent and comprehensive outcome.

4.7. Data efficiency

Notably, CLIP’s utilization of 400M image—text pairs during train-
ing [30] reduces its versatility, particularly within medical applications,

where such data abundance is often not commonly available. To ad-
dress the challenge of low resources in the medical domain, we also
investigated M2SL’s performance when facing a limited training bud-
get. We systematically subsampled the training data to 5%, 10% (15K),
25% (40K), and 50% (80K) of the original corpus for both feature rep-
resentation learning and modalities alignment. The resulting model’s
performance across various tasks on MIMIC-5 x 200 data is depicted
in Fig. 4. Surprisingly, even with a mere 25% (40K) data, M2SL
exhibits only an 11.3% (mAP@1)/9.7% (mAP@5)/11.2% (mAP@10)
drop in the performance of cross-modal retrieval, comparing to using
100% (160K) of the training budget (Fig. 4a). Similarly, when utilizing
50% (80K) data for zero-shot prediction, M2SL could still maintain a
performance of 94.5% of the one using 100% (160K) of the training
budget (Fig. 4b). While performance declines significantly when only
5% of the data is available for training. However, the primary objective
of this evaluation is not only to demonstrate the effectiveness of our
proposed method in mitigating the semantic gap between visual and
textual modalities under low-resource settings (e.g., 25% and 50%).
Furthermore, our results indicate that as more data is incorporated, our
method continues to improve, underscoring its capacity to effectively
learn from multimodal datasets.

4.8. Embedding visualization

We validated the efficacy of our method by visualizing t-SNE
plots [70] for both image and text embeddings generated from MIMIC-
5 x 200 images, through a comparative analysis with CLIP [30] and
REFERS [23] model embeddings in Fig. 5. Our model demonstrates
better clustering. Conversely, the t-SNE plot of the CLIP model appears
homogeneous due to the substantial overlap presented in most medical
X-rays, with only minor variations in diseased regions. Although the
overlapping regions in the t-SNE plot of the REFERS model have
been reduced, distinct cluster formations remain unclear. Notably,
the different distribution patterns in the images and reports are also
consistent with our hypothesis that there is a difference in information
density from various modalities.

5. Conclusion

In this study, we introduce a multimodal multitask method for
learning pairwise relational similarity and knowledge-driven semantic
similarity through joint representation learning, utilizing both radio-
logical images and reports. It allows the model to implicitly account
for the unequal distribution of information across distinct modalities
and equips the model with the ability to capture the subtle yet cru-
cial medical knowledge. Extensive experiments conducted on various
datasets showcase the efficacy of our method in enhancing both cross-
modal retrieval and zero-shot classification performance. Our work also
has significant implications for enhancing the VLM development for ra-
diological applications, especially when multimodal image-report data
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contains uneven distributions of information and variations in quality.
Despite the computational demands of multimodal training, our frame-
work achieves competitive or superior performance in cross-modal
alignment while maintaining efficiency, making it suitable for real-
time applications. Future work could explore optimizations like model
distillation to enhance efficiency. While M2SL has demonstrated strong
performance in cross-modal retrieval and zero-shot prediction, several
future works could further enhance practical applicability. To assess the
effectiveness of its pre-training process, fine-tuning methods through
linear probing could be further explored in tasks such as classification
or segmentation. Moreover, medical datasets often exhibit imbalances
in demographic attributes (e.g., age, sex, race) and disease prevalence.
These biases can influence model performance and fairness, poten-
tially leading to disparities in clinical decision support applications.
Future work should incorporate bias assessment frameworks, such as
evaluating performance across different demographic subgroups and
disease severities, to ensure equitable model behavior. Techniques like
dataset rebalancing, domain adaptation, and bias-aware training strate-
gies could help mitigate these biases. Lastly, our current evaluation
is limited to chest X-rays, which may not directly translate to other
imaging modalities, such as CT scans, MRIs, or ultrasound. Differences
in image characteristics, disease patterns, and reporting conventions
pose challenges when applying VLMs across modalities. To enhance
generalizability, future research should explore multi-modal training
strategies, including pretraining on diverse imaging datasets and fine-
tuning on modality-specific annotations. Additionally, zero-shot and
few-shot adaptation techniques could be investigated to extend model
applicability beyond chest X-rays.
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