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ABSTRACT

Vision-Language Models (VLMs) have revolutionized medical imaging by integrating visual and textual modal-
ities, enabling advanced tasks such as anomaly detection, diagnostic classification, and multimodal analysis.
These models facilitate critical applications, including radiology report generation (RG), visual question
answering (VQA), and image-text retrieval, thereby enhancing diagnostic precision and clinical workflows.
Leveraging architectures like CLIP, BiomedCLIP, and Med-GPT, VLMs achieve fine-grained alignment between
radiology images and textual descriptions, significantly improving interpretability and decision support in
medical diagnostics. Despite their potential, adapting VLMs for healthcare presents challenges, including
the scarcity of large-scale annotated datasets, the complexity of medical terminology, and the stringent
requirements for patient privacy and data security. This survey comprehensively reviews state-of-the-art VLMs
in radiology, analyzing their architectures, training methodologies, datasets, and real-world applications.
Models such as BioViL and XrayGPT exemplify how multimodal learning enhances pathology detection and
automated report generation. Additionally, emerging techniques like contrastive learning, self-supervised
approaches, and federated learning (FL) offer promising solutions to address data limitations, privacy concerns,
and model robustness. However, several barriers remain, including issues of model generalizability, dataset
biases, and the high computational demands of training and deployment in clinical environments. This study
highlights the transformative impact of VLMs in medical diagnostics and identifies key research gaps that must
be addressed to ensure their practical implementation. This work outlines a roadmap for future advancements
and underscores the need for scalable, privacy-preserving, and clinically effective Al-driven solutions to
enhance radiological analysis and healthcare decision-making.

1. Introduction

classification, and cross-modal reasoning [2,4]. Advances in vision-
language research have demonstrated strong potential for improving

One of the most critical and rapidly evolving research areas in
medical informatics is the study of Vision-Language Models (VLMs) us-
ing radiographic images and their corresponding free-text descriptions,
such as radiology reports (e.g., chest X-rays) [1-4]. Medical images and
reports jointly encode rich semantic information that supports clinical
interpretation and decision-making. VLMs have become pivotal in en-
abling multimodal learning within the medical domain by integrating
visual and textual modalities. These models provide automated assis-
tance for various clinical tasks, including report generation, diagnosis
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the quality and efficiency of medical care [4,5].

Despite significant progress, medical image classification remains a
challenging and persistent problem in healthcare. Although automated
classification techniques have achieved promising results, they are
often limited to a narrow range of predefined pathologies, restricting
their applicability in real-world clinical settings where generalization
to unseen conditions is essential [6]. This limitation is particularly
pronounced due to the vast diversity of medical conditions and the
scarcity of comprehensive annotated training data.
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To tackle this challenge, cutting-edge methods like CLIP [7] con-
trastively train on various image-text pairs. To provide a more detailed
understanding, it is essential to concentrate on the area of interest
even though CLIP captures the content of the complete image. This is
particularly associated with radiology because pathological structures
are frequently fine and tiny in radiology. Moreover, the radiologist
frequently observes an anomaly but wants to help in categorizing it [8].

An intuitive tactic to allow the VLM to concentrate on an exact area
would be to crop the image. Nevertheless, doing so would remove the
pathology’s global context, which could impair classification accuracy.
Some methods actively model these concentrating abilities [9], but
their applicability is restricted because there are not many datasets in
the medical field. However, drawing markers directly into the image
is a straightforward technique that does not need any extra training.
Current research in natural images analyzes this strategy, producing
unconventional findings in zero-shot works [6,10,11]. They assume,
that the model has encountered the chosen visual features through-
out training and, therefore, comprehends the meaning behind those
concepts. However, given the lack of such visual characteristics in the
training process, they also show that this performance has a greater
potential to be learned from large datasets and high-capacity models.

Medical image analysis and pre-training for natural language pro-
cessing (NLP) [12] has advanced substantially due to the integration of
pre-trained language models like BERT, enabling novel insights in the
field [13]. Large-scale VLP models like CLIP [12] and BLIP [14], which
certainly apply paired image-text contrastive learning, have currently
advanced meaningfully in visual tasks. However, it is still difficult to
interpret elementary VLP models into real-time healthcare applications.
Large language models (LLMs) have demonstrated exceptional profi-
ciency in understanding and generating natural language, providing
foundational solutions for specific domains such as law education [15—
17], and public healthcare [18-20]. However, each domain has unique
challenges, and directly using pre-trained LLMs may not yield ideal
results. Considering their inherent complexity, fine-tuning these models
enables them to better adapt to downstream tasks, which is a key
approach to leveraging large models [21-23]. Usually, VLMs are pre-
trained on a huge collection of text image datasets by incorporating
their knowledge of visual and textual modalities, but LLMs struggle to
process visual information because they can only comprehend discrete
text, despite their remarkable proficiency in zero/few-shot reasoning
in the majority of NLP tasks. CLIP [24] is a notable example that op-
timizes language and vision models to align textual and visual images.
Computational pathology is not an exception.

QUILT-Net [6] and PLIP [25] are two VLMs that were pre-trained
on big histopathology datasets using pairs of histopathology images
and descriptions employing the contrastive learning paradigm similar
to CLIP. Such VLMs build a solid foundation for various types of down-
stream tasks. In particular, these models have been successfully applied
to several image classification tasks such as lymph-node metastasis de-
tection, tissue phenotyping, and Gleason grading [6,25] without further
training or fine-tuning, i.e., zero-shot image classification. We have
observed that the existing works on VLMs have mainly focused on the
pre-training process and straightforward, direct application to down-
stream tasks [26-29]. Some have sought to utilize VLMs with transfer
learning and knowledge distillation [30]. These approaches are, by and
large, similar to how the pre-trained vision and language models are
used, which do not fully explore the potential of VLMs. Herein, we
suppose that the pre-trained VLMs per se are capable of conducting
quantitative histopathology image analysis. In other words, VLMs can
quantify histopathology images, and the resultant quantitative features
can be used for downstream tasks [10].

However, studying the potential of these models to combine and
analyze visual data, specifically in highly dedicated fields such as
biomedicine, denotes a new frontier in the use of AL The field of Al
has seen a successful track in model development during the past ten
years. We categorize them into four groups, as shown in Fig. 1. The

Knowledge-Based Systems 352 (2026) 116901

Taskcies Pre-trained Emerging Multimodal Foundation Models
Models Models ( J
I

Vision Pre-trained | [ Emerging M“'";“Tda' ]
Models T L o niModels i

!

Vision &
Multimodal

Vision Pre-trained
Models

MOCo || CLIP

Sentiment
Analysis

Classification
| Retrieval
Style Transfer

i N
Flamingo| [ PALM-E [ Flamingo Color Legend: |
B Task-Specific Capabilities
DALLE Pre-trained Knowledge

Vision-Language
Models

B Generalization &

Evolution of Vision, Language, and Multimodal Foundation Models Emergent Abilities

Fig. 1. An illustrative example of the developmental trajectory of foundation
models integrating vision and language within a multimodal framework.
The first category represents task-specific models, while the remaining three
correspond to foundation models. Language and vision foundation models
are depicted using green and blue blocks, respectively. Key characteristics
of representative models are highlighted for each category. We hypothesize
that multimodal foundation models will evolve along a trajectory similar to
vision and language models, progressing from pre-trained models designed
for specialized tasks toward unified models and general-purpose assistants.
However, as multimodal models such as GPT-4 and Gemini remain largely
proprietary, the optimal design paradigm is still unclear and is therefore
indicated by a question mark.

GPT-4 series and Gemini Vision series models (referred to as GPT-4 and
Gemini for the remainder of this article) [31] are noteworthy examples
of these developments, as they seamlessly combine the processing of
linguistic and visual information.

Following the success of LLMs like ChatGPT and GPT-4 in NLP,
researchers aim to develop advanced models for vision, VL, and multi-
modal tasks, allowing machines to combine and interpret visual and
textual data for more versatile applications. Since the introduction
of BERT, vision pre-training and VLP have gained significant atten-
tion [32]. These methods have become the foremost framework for
vision learning, allowing models to develop universal visual and VL
representations or to produce incredibly realistic images. Similar to
BERT/GPT-2 in the language sector, they could be regarded as the first
generation of multimodal foundation models [33,34].

Many demanding tests are part of the assessment process, which
proposes to evaluate the models’ precision, effectiveness, and versatility
in deciphering and using visual data for biomedical applications. This
study demonstrates the pros and cons of each model by comparing the
performance of GPT-4 and Gemini in tasks like data synthesis [35],
anomaly detection, and medical image classification. In addition to
demonstrating the revolutionary possibilities of incorporating cutting-
edge AI models like GPT-4 and Gemini into biomedical analysis, this
study establishes a standard for further investigation in the field. By
contrasting these models, the study adds insightful information to the
continuing discussion about improving AI’s multimodal abilities [34],
particularly in fields where joining textual and visual data is important.
To our knowledge, this is the first comprehensive study to examine
the image analysis of VLMs in the medical domain. Overall, contrib-
utors highlighted critical design requirements for the usability and
acceptance of VLM concepts, even as they recognized their value. The
function of VLMs in healthcare is thoroughly reviewed in this paper, as
shown in Fig. 2. The main contributions of this paper are as follows.

+ Overview of VLM use cases to assist with healthcare workflows
and offer information on how valuable these ideas are thought to
be.
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Fig. 2. Overall structure of the paper.

+ We exhibit our method’s effectiveness by analyzing various down-
stream tasks, such as medical visual question answering (QA), RG,
and image-report retrieval.

+ Concentrate on the challenges and design principles associated
with VL models in healthcare environments.

» Discuss design implications and future research directions for
integrating VLM capabilities into healthcare.

2. Literature review
2.1. Background of VLMs

Large-scale pre-trained VLMs are widely used across many fields,
refining tasks like image captioning, VQA, and multimodal search [13,
36]. For instance, CLIP [24] leverages a vast dataset of 400 mil-
lion image-text pairs sourced from the internet, effectively aligning
visual and textual encoders. Pre-trained object detectors (ODs) are
often used to obtain visual characteristics in past work. Models like
VILBERT [37] and LXMERT [38] pay attention to multimodal fusion,
using transformers to process text and region features separately before
combining them. In contrast, integrated attention fusion is used in
VisualBERT [39], VL-BERT [40], and UNITER [41], where both text
and region features are input into a single transformer. Enhanced with
extra image tags, models like OSCAR [42], and VinVL [43] display
leading-edge performance on various VL tasks. However, region feature
extraction is time-consuming, and pre-trained ODs remain static during
pretraining, limiting the potential of VLP models.

2.2. Medical Visual Language Models (Med-VLMs)

Med-VLMs are crucial for automating visual-language tasks like
VQA and IRG in the medical field. These models [44-46] first use CNNs
and RNNs to extract linguistic and visual characteristics individually.
However, because of their structural restrictions, such methods often
fail to be generalizable and transferable to other tasks [47]. The trans-
former architecture, which utilizes a pretraining-finetuning paradigm,

is mainly accepted by current Med-VLMs [48]. These models undergo
pre-training on huge and diverse medical image-text datasets before
being fine-tuned on specific task-oriented datasets for more precise
applications. Exploiting the ALBEF [49] methodology, MISS [50], for
instance, starts training on 38,800 cautiously chosen image-text pairs
from the MedICaT dataset [51] before being fine-tuned for VQA tasks.
Comparable to this, LLaVA-Med Fig. 3 uses a two-phase pretraining
tactic [52], concluding in full-scale fine-tuning for VQA jobs after
first positioning image-text features on two million pairs from PubMed
and then improving conversational abilities using instruction format
data. For task adaptation, these methods always use full-model fine-
tuning, which is an effective technique but requires a lot of resources,
especially for large-scale models like LLaVA-Med, and the model’s
generalizability is further threatened by the limited dataset sizes acces-
sible for downstream task training, which could result in catastrophic
forgetting and decrease its extensive applicability in medical contexts.

Several recent survey papers have explored the landscape of VLMs
in the medical domain. For example, Li et al. [53] provide a comprehen-
sive overview of VLM architectures and training paradigms across seven
core tasks, such as classification, segmentation, and report generation.
Yang et al. [54] focus on the integration of multimodal clinical data
with large language models (LLMs), highlighting their potential in
decision support systems. Xu et al. [55] categorize visual-language
datasets and present a taxonomy of challenges in VQA and captioning
for medical images. Meanwhile, Zhang et al. [29] emphasize the role of
contrastive learning and foundation models in aligning medical images
with radiology reports. A comparative summary of these reviews is
presented in Table 1, highlighting their core tasks, focus areas, dataset
evaluation strategies, and ethical considerations. Compared to these
works, our review centers on the real-world clinical applicability of
medical VLMs, particularly in downstream tasks like VQA, RG, and
image-report retrieval. We also offer a focused discussion on model
explainability, ethical implications, and evaluation frameworks areas
often underrepresented in earlier reviews. This human-centered per-
spective aims to bridge the gap between algorithmic advances and
practical integration into clinical workflows.
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Table 1
Comparison of survey papers on Medical VL Models (VLMs).

Knowledge-Based Systems 352 (2026) 116901

Paper/Focus Core tasks covered Key focus areas Dataset Explainability Unique contributions
evaluation & Ethics
Li et al. (2025) [53] Classification, VLM architectures and Yes Limited Comprehensive technical overview,
Segmentation, Report training paradigms but less emphasis on clinical use
Generation, etc.
Yang et al. (2024) Multimodal clinical Integration of multimodal Moderate Some focus Focused on clinical decision support
[54] data integration clinical data with LLMs for using LLMs
decision support
Xu et al. (2023) VQA, Captioning Dataset categorization and Yes Minimal Dataset- and challenge-centric
[55] challenge taxonomy taxonomy of VLM applications
Zhang et al. (2023) Image-Report Contrastive learning and Yes Limited Emphasis on image-report alignment
[29] Alignment foundation models using contrastive pretraining
This Paper (2025) VQA, Report Real-world clinical Yes Strong focus Human-centered perspective bridging
Generation, applicability, explainability, algorithmic advances with practical

Image-Report Retrieval ethics, evaluation frameworks

clinical integration
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Fig. 3. Illustrating the relationships between VLMs, Med-VLMs, and Radiology
AI Models.

2.3. Limitations and advances in medical VLMs

Pre-trained visual language models in the medical domain are con-
strained by the complexity of medical reports and the scarcity of
large-scale medical image-text datasets. ConVIRT, for instance, aligns
medical image and text data for incompatible learning [56]. Med-
CLIP [57] reduces false negatives by decoupling the strict connection
between texts and images, expanding the training data pool. Recent
strategies, including Med-UniC [58], MedKLIP [59], and DiViDe [60],
integrate medical knowledge during model training, but they still lack
fine-grained discriminative knowledge necessary for diagnostic tasks.
Before the emergence of advanced language models, materials sci-
entists and biologists used simpler machine-learning techniques for
tasks like microstructural classification identification [61,62], material
property forecasting [63,64], and segmentation [65,66], notable exam-
ples include few-shot transfer learning for electron backscatter diffrac-
tion (EBSD) pattern classification [67] and semi-supervised few-shot
learning for the segmentation of oxide material systems [68].

2.4. Multimodal AI models in radiology

LLMs generate statistically probable continuations of text, demon-
strating their ability to handle medical concepts. Advanced LLMs like
PalLM 2 [69], FLAN-T5 [70], and LLaMA 2 [71], especially those fine-
tuned on medical data (e.g., Med-PaLM 2 [72]), excel in healthcare
tasks like medical question-answering, clinical note summarization, and
chatbot applications. LLMs have been integrated with medical images
to apply multimodal healthcare data better [73]. Examples include
BioViL(-T) and MAIRA, which associate radiology images with textual
reports. These models enable tasks including text-image reacquisition,
VQA [74], report fault detection, and automatic report generation,
significantly improving diagnostic accuracy and efficiency

2.5. Prompt design

In knowledge-intensive medical fields, training area-specific lan-
guage models (LM) on professional knowledge-augmented corpora is
crucial. Recent trends involve querying LM in few-shot or zero-shot
fashions to extract information (e.g., from WordNet). Techniques like
auto-prompt generation [75], and context optimization [76] facilitate
the production of knowledge-rich prompts, enhancing the effectiveness
of VLMs for subsequent tasks.

3. Mainstream Med-VLM architectures

Modern generative Med-VLMs, whether large- or small-scale, typ-
ically follow a similar architectural framework, as illustrated in Fig.
5. This structure consists of a language model (LM) head, a connector
module for integrating visual and textual representations, a visual en-
coder, and a text encoder. Most Med-VLMs employ Vision Transformer
(ViT) [77] as the visual feature extractor and adopt text encoders based
on architectures such as BERT [78] or GPT [33]. Despite implemen-
tation differences, these models share a common transformer-based
foundation, including attention mechanisms, layer normalization, and
feed-forward neural networks (FFN). A generic architectural overview
is presented in Fig. 4.

3.1. Multimodal Al in healthcare

The increasing demand for high-quality healthcare services and
limited medical resources highlight the need for intelligent Al-driven
solutions. Recent advancements in medical Al have focused on devel-
oping foundation models [29,79,80]. Medical VLMs integrate multiple
modalities, such as language, images, and clinical data, enabling im-
proved understanding of complex medical conditions compared to
unimodal approaches [79,81]. These models support various health-
care applications, including diagnosis, treatment planning, and patient
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Fig. 4. General architecture of mainstream Medical Vision-Language Models
(Med-VLMs), highlighting the visual encoder, text encoder, connector module,
and language model head.

management, by leveraging complementary information from different
data sources [82]. With the rapid development of large-scale models,
advanced Med-VLMs such as Med-Gemini [83] have demonstrated
strong potential in multimodal medical analysis. Medical VLMs can gen-
erally be categorized into multimodal fusion models and multimodal
generation models [84].

3.1.1. Multimodal fusion models (MFM)

CLIP [6] is the foundational work upon which multimodal align-
ment models are built. Exploiting contrastive learning methods, CLIP
is a model designed for image-text matching, generating a unified
depiction for both textual and visual inputs. Several studies have at-
tempted to apply this contrastive training formulation to align various
modalities in the medical field [57,85]. Furthermore, many studies
additionally develop multimodal models for segmentation [86-88],
explainable diagnosis [89,90], structured report generation [91,92],
etc., based on these well-aligned medical CLIP models. Despite their
strong performance in numerous downstream works, these multimodal
models (MM) are not adaptable enough to be employed in clinical
settings due to a deficiency of medical knowledge and collaboration.

3.1.2. Multimodal generation

Conversely, the generative multimodal foundation models can fully
utilize the promising area knowledge from their LLM component and
offer unstructured text reports. These models were established par-
ticularly for the medical field and are primarily based on MM [93].
These models provide enhanced interaction, along with better few-
shot and zero-shot learning capabilities compared to MFM. They can
autonomously make medical image reports that include appropriate
normal results and abnormalities, and consider the patient’s medical
history. These models can aid clinicians even more by combining
interactive visualizations, like underscoring the region each phrase
describes, with text reports. This differentiation between multimodal
generation and alignment models provides a basis for understanding
their usefulness in various healthcare areas. Regarding medical modal-
ities, the aforementioned multimodal VLMs demonstrate capabilities in
the following areas of healthcare:

Imaging analysis and diagnosis: In medical imaging diagnostics,
VLMs effectively associate imaging and textual data. For example, by
learning from extensive medical imaging datasets and related diagnos-
tic reports, VLMs can accelerate the recognition [94] of diseases like
pneumonia and cancer. These models automate the interpretation of
CT and MRI scans, incorporating imaging data with patient medical
histories and symptoms to yield more precise diagnostic results [95],
as illustrated in Fig. 6. These models automate the examination of
MRI and CT scans and combine imaging analyses with patient medical
histories and symptom information to provide diagnostic insights.

Healthcare Literature and Records Mining: VLMs can ana-
lyze and interpret large volumes of research papers, electronic health
records, and medical literature, improving medical knowledge mining
and decision-making. These models quickly sort and evaluate the most
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current research findings in medical research, assisting researchers and
healthcare professionals in understanding innovative [95] therapeutic
approaches and diagnostic methods. The automatic extraction and
analysis of important data from patient records by VLMs enhances
clinical decision-making.

Advanced Medical Devices: VLMs contribute to the advancement
of smart robotic systems and medical tools. For instance, by combining
cross-modal information, VLMs improve the accuracy and safety of
robotic surgeries in complex procedures [96,97]. Intelligent devices an-
alyze real-time data and images during surgery [98], providing accurate
assistance and supervision to minimize surgical risks.

Drug Development Assistance: By analyzing vast amounts of
biomedical data and streamlining the drug design process, VLMs in
drug growth forecast the effectiveness and potential side effects of
novel medications. To enhance the efficacy and success rate of new
drug development [99], these models integrate information from drug
compounds, protein structures, genetics, and other modalities.

Remote Healthcare and Diagnostics: VLMs hold significant poten-
tial in remote healthcare. These models offer high-quality healthcare
services to remote areas with limited medical resources by combin-
ing textual, audio [95], and video data to enable remote diagnosis
and treatment. VLMs can merge imaging and medical record data
to provide accurate diagnostic recommendations and analyze real-
time communication between physicians and patients. However, most
popular medical VLMs are still trained on specific medical conditions
or fields, limiting their generalizability and preventing them from
functioning as multimodal models that is used for several conditions or
tasks [100]. Additionally, they often face challenges due to the small
scale of training or fine-tuning datasets, and they must also address
general issues like privacy risks and inefficient computational power.
Thus, a careful and measured approach is required when considering
the growth potential of VLMs in healthcare.

3.2. Training methodology

3.2.1. Transfer Learning (TL)

Transfer Learning (TL) is a widely adopted machine learning (ML)
paradigm where a model trained on a source domain is adapted to
perform a different but related task on a target domain. This approach
is especially useful when the target task has limited data availability.
TL typically involves fine-tuning the parameters of a pre-trained model
using a smaller dataset corresponding to the new task [101]. Mathe-
matically, given a source domain Dg with a corresponding task 7g,
and a target domain Dy, with its task 7, transfer learning aims to
improve the learning of the target predictive function f(-) in Dy using
the knowledge from Dg and 7, where Dy # Dy or Ty # T7.

Objective:  min Lp(frGer;07)), where 07 < g (6))
T

Here, 6 represents the parameters learned from the source task, and
these are used as initializations (rather than random values) for the
target task model parameters 6;. The loss function L is specific to the
target task. This enables the model to converge faster and generalize
better, especially with limited target data [102]. The architecture of
the original model may also be altered to fit the target task, such as by
adding task-specific classification or regression layers. The core idea is
to retain the generalized knowledge embedded in the pre-trained model
and adapt it efficiently to the new task requirements.

3.2.2. Curriculum Learning (CcL)

CcL is an advanced training strategy inspired by the human learning
process, where simpler concepts are mastered before moving on to
more difficult ones. It introduces a structured progression in training
by ordering the data or tasks based on difficulty, enabling the model to
learn more effectively and generalize better [103].

Formally, let D = (x;, yi),-li , be the training dataset. In traditional
training, the data is presented in a random order. However, in CcL,
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we define a difficulty scoring function s(x;, y;) that assigns a difficulty
level to each sample. The training proceeds in stages by gradually
introducing more difficult examples:

D, CcD,C- CDy=D, whereD;=(x;y)]|s0x;,y)<7; 2)

Here, 7; is a threshold that increases at each stage j, and D; contains
all samples with difficulty scores below that threshold.

This incremental training approach allows the model to first es-
tablish a solid understanding of easy examples before being exposed
to harder ones. For instance, LLaVa-Med [52], a state-of-the-art med-
ical VLM, utilizes CcL by initially training on simple image-text pairs
and gradually introducing more complex clinical scenarios. This struc-
tured learning process improves model convergence, robustness, and
adaptability to complex medical tasks.

3.2.3. Self-Supervised Learning (SSL)

SSL is a crucial paradigm in VLM training, providing an efficient
substitute for supervised learning. It enables the models to learn useful
representations by directly generating labels from the data [104]. This

method is especially helpful when gaining labeled data is either com-
plex, time-consuming, or costly. The models in SSL for VLMs produce
staff that take advantage of the data’s natural structures, which allows
them to acquire remarkable illustrations over modalities without the
need for direct external classifications. SSL tasks contain contrastive
learning, masked image and language modeling.

A common SSL objective used in multimodal models is masked
modeling, where random tokens in the input (either visual patches
or text tokens) are masked and the model must predict the masked
content. The loss function is defined as:

EMask = ﬁ Z Erecon(f(x)hx[) (3)

ieM
Here, M is the set of masked positions, x; is the ground truth value,
and f(x); is the model prediction at that position. The reconstruction
loss Lecon is typically cross-entropy for language and mean squared
error for image patches. This objective enables the model to learn
contextual representations by reconstructing missing elements from the
input. This objective encourages the model to learn embeddings where
paired modalities (e.g., aligned image and caption) are close together,
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Table 2

Comparison of parameter-efficient fine-tuning vs. Fine-tuning approaches for VL models.

Knowledge-Based Systems 352 (2026) 116901

Aspect

Parameter-efficient fine-tuning

Fine-tuning

Goal

Training data
Training time
Computational
resources

Model parameters
Pretrained knowledge
retention

Flexibility across tasks

Training performance

Enhance the efficiency of a pre-trained VLM for specific VL
tasks using minimal data and computational resources.

Works well with small, task-specific datasets (e.g., vision-text
pairs).

Faster due to selective parameter updates (adapters or LoRA
layers).

Requires fewer resources; most layers of the VLM remain
frozen.

Modifies only a small fraction of parameters, such as
adapters or prefixes.

Better retention of general VL understanding due to minimal
changes.

Easily adaptable to multiple tasks by adding task-specific
adapters.

Achieves competitive results; ideal for resource-constrained

Improve a pre-trained VLM’s performance on a specific task
with extensive data and compute resources.

Requires large-scale datasets to achieve fine-tuning objectives.

Slower because all model parameters are updated during
training.

Demands higher computational power for full-layer training.

Modifies each parameter across the visual and textual feature
extraction and cross-attention modules.

May risk overfitting or losing generalized knowledge from
pretraining.

Task-specific fine-tuning requires retraining the entire model
for new tasks.

Generally, yields superior task performance but at a higher

environments.

cost.

while unpaired (non-matching) samples are pushed apart in the latent
space.

3.2.4. Contrastive Learning (CL)

CL enables models to learn meaningful representations by contrast-
ing positive and negative pairs of multimodal data, such as images
and corresponding textual descriptions [105]. The objective is to map
semantically aligned pairs closer together in a shared embedding space
while pushing unaligned (negative) pairs farther apart, thereby facil-
itating more effective representation learning. Positive pairs typically
consist of an image and its correct caption, whereas negative pairs are
composed of mismatched image-text combinations [106].

To achieve this, contrastive loss functions are employed, most no-
tably the InfoNCE (Noise-Contrastive Estimation) loss [107]. InfoNCE
is designed to increase the similarity between positive pairs while
decreasing the similarity between all other (negative) pairs in the batch.
This technique is used in models such as CLIP [6], which applies
InfoNCE loss with cosine similarity to align vision and language modal-
ities. ALIGN [28] further leverages a normalized SoftMax variant of this
loss to enhance training efficiency and scalability. Both approaches aim
to maximize the similarity of matching image-text embeddings while
minimizing that of non-matching pairs. The InfoNCE loss function with
cosine similarity is mathematically defined as:

exp(sim(z;, z;)/7)
Yk =1 exp(sim(z;, z;)/7)
where z; and z; are the normalized embeddings of the image and its
corresponding text (positive pair), sim(-,-) denotes cosine similarity,
7 is a temperature parameter controlling distribution sharpness, and
the denominator sums over all image-text pairs in a batch of size N,
including negative samples.

LInfoNCE = — log @

3.2.5. Fine-tuning techniques

After pretraining, VLMs are usually adjusted on specialized datasets
to improve their capability for particular applications Table 2.

Supervised Fine-Tuning (SFT) The VLM is initially trained on a
large-scale image-caption dataset, enabling it to learn rich and gen-
eralizable associations between visual and textual modalities. Follow-
ing this pretraining, SFT is performed on a more narrowly focused,
domain-specific dataset tailored to the intended downstream task. This
two-stage training approach, broad pretraining followed by targeted
fine-tuning, allows the model to leverage broad prior knowledge while
adapting efficiently to the specific requirements of particular applica-
tions [108].

Mathematically, given pretrained model parameters 6p, fine-tuning
updates these parameters to 6 by minimizing a task-specific supervised
loss L over the fine-tuning dataset {(x;,y;)} I’Z L

M
1 )
9F=argm€1nM;£F(f(xi;0),y,-) with 6 < 0p (5)

Here, f(x;;0) denotes the model prediction for input x; with param-
eters 6, and y; is the ground-truth label for supervised learning. The
initialization from pretrained parameters 6, allows the fine-tuning to
converge faster and generalize better on the target task.

Human-supervised Reinforcement Learning (HSRL): A distinc-
tive approach for the task-specific training of VLM is Reinforcement
Learning with Human Feedback (RLHF), which integrates human feed-
back into the fine-tuning process to enhance model performance [108,
109]. RLHF begins with an initial pretrained model and builds a re-
ward model based on human-generated rankings of its outputs. Unlike
conventional reinforcement learning (RL) [110], which relies solely on
interactions with an environment, RLHF incorporates human prefer-
ences directly into the learning loop. This human-in-the-loop strategy
provides a more nuanced and informed framework, enabling VLMs
to be better aligned with human values and ultimately producing
optimized results that are more useful and trustworthy.

The RLHF training objective can be formalized as maximizing ex-
pected reward under the policy z,, parameterized by model parameters
0:

max Eqeryls) [r¢(s,a)] (6)

where s is the state (e.g., input prompt), a is the model output (action),
and ry is the learned reward function trained on human feedback.
The reward model r, guides the model toward outputs preferred by
humans, thus aligning the model’s behavior with human intent.

Fine-Tuning Instruction (IFT): IFT involves improving a pre-
existing language model by providing it with specific directives or
guidelines tailored to the target task or application [111]. Typically,
this process exposes the model to prompts or examples aligned with
the intended instructions and adjusts its parameters based on feedback
during fine-tuning. An example in the medical VLM domain is RaDia-
log [112], which utilizes this fine-tuning approach to enhance model
performance and outcomes.

The fine-tuning objective can be formulated as minimizing the
expected loss over the instruction-following dataset:

mgn Lrrr®) = E(XJ/)NDIFT [f(f(X; 0. y)] @)

where 6 are the model parameters, D, is the instruction dataset of
input-output pairs (x,y), f is the model, and 7 is the loss function
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(e.g., cross-entropy). This objective ensures the model learns to gener-
ate outputs consistent with given instructions, improving task-specific
performance.

3.2.6. Parameter-Efficient Fine-Tuning (PEFT)

This section reviews methods that adapt Vision-Language Models
(VLMs) by updating only a small subset of parameters rather than fully
fine-tuning the entire network. PEFT encompasses various strategies
designed to optimize parameter usage during fine-tuning, especially
when labeled data for the target task is limited, as summarized in
Table 2. The core idea is to insert task-specific modules, known as
adapters [113], into a pretrained model without altering its original
parameters. These adapter modules typically use a bottleneck archi-
tecture, projecting features into a lower-dimensional space, applying
a non-linear transformation, and then projecting back to the original
dimensionality. This design ensures parameter efficiency by adding
only a small number of trainable parameters per task. Adapters are
placed after each layer of the pretrained model, allowing the model to
learn task-specific representations while preserving previously acquired
knowledge [114].

LoRA (Low-Rank Adaptation): This is a widely used module-based
approach for adjustment of pre-trained models [115]. Two smaller ma-
trices, a breakdown version of the larger weight matrix in a previously
trained model must be fine-tuned as part of the adaptation process.
These smaller matrices form the LoRA adapter, and the approach
focuses on applying low-rank modifications to the model, allowing it to
adapt to a specific task without altering the original model’s structure.
Lora is usually employed to fine-tune pre-existing LLMs, which play
a key role in medical VLMs frameworks, such as RaDialog [112] and
Visual Med-Alpaca [116]. LoRA introduces low-rank updates to the
pretrained weight matrix W, such that the adapted weight is

W =W, + AW =W, + AB, (8)

where A € R¥" and B € R are trainable matrices with r < min(d, k),
representing the low-rank update. This allows fine-tuning only the
small matrices A and B while keeping W, fixed.

Prompt Optimization: Continuous feature illustrations are created
as feed cues for Prompt Optimization [117]. This permits the model to
produce efficient prompts during training. The potential of models to
create correct and contextually relevant responses is greatly upgraded
by ongoing prompt improvement. The model can adjust its behaviors
based on the increasing understanding of the task through an iterative
process. Prompt tuning was employed by VLMs such as InstructBLIP
and Qwen-VL [93,118]. In prompt tuning, continuous prompt embed-
dings P of length m are prepended to the input tokens, and only P is
optimized during training. The input sequence embedding becomes:

X' =[P; X], ©)]

where X is the original token embedding sequence, and [;] denotes
concatenation.

Prefix Token Tuning: Prefix token tuning sets the behavior of
models for a task by adding targeted task features to the data, namely
to the primary identifier known as Leading tokens [119]. For example,
questions from numerous datasets were given different prefixes in VL-
T5 [120]. While the other parameters in the pre-trained model remain
constant, these features can be independently trained and updated.
Task-specific adaptation is made possible through prefix token tuning,
which preserves the previously learned information encoded in most
of the model’s parameters. Prefix tuning prepends learnable prefix
tokens P to the input and modifies the key and value vectors inside
the transformer layers. Formally, for each transformer layer, the prefix
tokens generate key-value pairs (K, V,) added to the original attention
mechanism:

O[K,; K]"
Attention(Q, K, V) = softmax [ ——— | [V,; V], (10)

\/d_k
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Beyond conventional PEFT approaches such as LoRA, prompt tun-
ing, and prefix tuning, several emerging strategies have been proposed
to further enhance the adaptability, robustness, and domain-awareness
of medical VLMs. These methods go beyond simple parameter reduction
and focus on domain alignment, cross-task generalization, and stability
under distribution shifts.

BiomedCoOp: Cooperative prompts interact and share information
across multiple medical downstream tasks instead of operating inde-
pendently [121]. Unlike conventional prompt tuning, where a separate
prompt must be trained for each task, BiomedCoOp enables shared
semantic representation, allowing prompts trained for classification to
support report generation or captioning without extensive retraining.
This leads to improved multi-task reasoning, particularly useful in
radiology pipelines where disease identification, description, and report
synthesis occur sequentially. It is especially advantageous when labeled
data is scarce, as knowledge transfer between tasks reduces annota-
tion demand. However, cooperative prompts require careful balancing;
over-sharing across unrelated tasks may dilute task-specific knowledge
and cause interference.

Generalized Domain Prompt Learning (GDPL): GDPL [122] de-
velops domain-level prompts instead of dataset- or task-specific
prompts. This contrasts with standard prompt tuning, which is highly
sensitive to domain variations and often needs retraining for every
new dataset. GDPL encodes biomedical domain priors into a unified
prompt space, enabling improved cross-hospital generalization and
efficient scaling to new imaging modalities (X-ray — MRI — CT). This
significantly reduces retraining costs and enhances performance when
deployed across heterogeneous clinical environments. Its limitation
lies in domain granularity, highly specialized disease types may still
require adaptation, as a single domain prompt cannot fully capture all
sub-pathological nuances.

PromptSmooth: PromptSmooth [123] tackles robustness issues
present in conventional prompt tuning, which tends to overfit to the
training distribution. Instead of learning a single deterministic prompt,
it generates a smoothed distribution of prompts that encourages the
model to explore diverse representations, making it more stable against
noise, scanner variability, and demographic shifts. This method is
particularly beneficial for real-world clinical deployment where domain
shift is unavoidable. Experiments show improved anomaly detection
and diagnostic consistency on unseen hospital datasets. A noted limi-
tation is increased training complexity; sampling prompt distributions
requires additional computation compared to fixed prompts.

Med-VLM: Med-VLM [124] uses multimodal prompts that combine
textual medical knowledge with visual priors extracted from the image.
While conventional prompting treats language and vision indepen-
dently, Med-VLM fuses anatomical cues (e.g., organ boundaries, lesion
shape) with textual clinical semantics to improve segmentation and
localization. This makes it effective for detecting subtle or small anoma-
lies such as micro-lesions or polyps, where purely textual prompts
fail to guide the model. It excels in medical image segmentation and
report-grounded lesion highlighting. The limitation is dependency on
high-quality visual priors, poor segmentation initialization or noisy
images may weaken multimodal alignment.

Quaternion Prompt Learning: Unlike Euclidean prompt embed-
dings, Quaternion prompts [125] encode four-dimensional feature in-
teractions, enabling richer spatial-semantic coupling. This is partic-
ularly useful in complex 3D medical imaging (MRI, CT) or multi-
sequence radiology workflows where anatomical orientation and vol-
umetric relationships matter. Quaternion prompts enhance feature fu-
sion, improving lesion localization across slices and reducing modality
mismatch. They have shown superior transferability in cross-modal
VLM adaptation. However, quaternion operations introduce higher im-
plementation complexity and require careful parameter initialization to
avoid instability during training.
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Fig. 7. Radiology images from the ROCO dataset for medical VL tasks [128].

4. Medical VLMs

Our main focus in this work is to apply the knowledge from vision-
language (VL) models to the medical domain [126]. To achieve this,
we investigate a range of detection tasks in medical settings and ex-
plore strategies to effectively transfer knowledge from VLMs trained on
natural images. In particular, we focus on medical images and related
datasets to enable lesion detection under zero-shot and fine-tuning
scenarios, integrating expert-level knowledge with image-specific in-
formation. The considered datasets are summarized in Table 4 and
illustrated in Fig. 13.

4.1. Medical datasets for VLMs

VLMs are pre-trained and fine-tuned using task-specific datasets
to support various medical applications. Table 1 presents publicly
available VL datasets containing medical VQA pairs, which serve as
key resources for pretraining and evaluation in report generation (RG)
and VQA tasks. Further details of widely used medical VL datasets are
summarized in Table 3.

4.1.1. Dataset summary

Radiology Objects in Context (ROCO): The ROCO dataset consists
of image—caption pairs collected from PubMed Central (PMC), an open-
access biomedical literature repository [127]. It is divided into two
subsets: radiology and out-of-class. The radiology subset contains over
80,000 images spanning multiple imaging modalities, including CT, X-
ray, MRI, ultrasound, PET, and angiography, as illustrated in Fig. 7. The
out-of-class subset includes a smaller collection of diverse images such
as clinical photographs, synthetic images, and non-radiology content,
as shown in Fig. 8.

Each image in the dataset is accompanied by textual metadata,
including captions, keywords, and Unified Medical Language System
(UMLS) concept identifiers and semantic types, enabling rich multi-
modal representation learning. Example samples with associated de-
scriptions are presented in Fig. 9.

The dataset is typically divided into training, validation, and test
sets following an 80/10/10 split. Due to its large scale, modality diver-
sity, and structured annotations, ROCO serves as a valuable resource
for training and evaluating vision-language models in medical image
understanding tasks, particularly in scenarios involving multimodal
learning and semantic representation.

Indiana University Chest X-ray (IU X-ray):

The IU X-ray dataset is a publicly available benchmark widely
used in medical imaging research. It consists of 7470 chest X-ray
images paired with 3955 corresponding radiology reports. Each report
is structured into multiple sections, including impression, findings,
tags, comparison, and indication, providing comprehensive clinical
context for each image. The structured nature of these reports enables
effective alignment between visual and textual modalities, making the
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dataset particularly suitable for tasks such as medical report genera-
tion, image-text retrieval, and vision-language modeling. Its detailed
annotations allow for fine-grained supervision in multimodal learning
settings. However, the dataset is relatively limited in scale and diversity
compared to larger datasets such as MIMIC-CXR, which may restrict
its generalization capability in large-scale applications. Despite this
limitation, IU X-ray remains a valuable resource for benchmarking and
developing multimodal models in healthcare.

Medical Information Mart for Intensive Care-Chest X-ray
(MIMIC-CXR): The MIMIC-CXR dataset comprises 227,835 free-text
radiology reports associated with 377,110 chest X-ray images [129].
The data is derived from de-identified radiographic studies conducted
at Beth Israel Deaconess Medical Center. It includes imaging studies
with one or more images, typically in Digital Imaging and Commu-
nications in Medicine (DICOM) format, and provides both lateral and
posteroanterior views. Due to its large scale and rich clinical content,
MIMIC-CXR is widely used for training and evaluating vision-language
models in medical applications. However, challenges remain due to
the unstructured nature of reports, variability in medical terminology,
and class imbalance across pathologies, which may require appropriate
preprocessing for effective model development.

MIMIC-CXR-JPG: The pre-processed MIMIC-CXR dataset [129] is
known as MIMIC-CXR-JPG [132]. This version consists of compressed
JPG files derived from the original 377,110 images. Labels for multiple
pathologies are added to the associated 227,827 reports. These labels
are generated using NegBio [144] and CheXpert [145] by analyzing
radiology reports. Its main advantage lies in ease of use for deep
learning applications due to the standardized image format. However,
conversion from DICOM to JPG results in loss of resolution and removal
of important metadata, while reliance on rule-based NLP tools may
introduce label noise.

MIMIC-NLE: The MIMIC-NLE dataset is designed to generate natu-
ral language explanations (NLEs) for medical image predictions, par-
ticularly for chest X-ray analysis and thoracic pathologies [146]. It
includes 38,003 image-NLE pairs and 44,935 image-diagnosis—NLE
combinations. The NLEs are extracted from MIMIC-CXR [129] radiol-
ogy reports and focus on anteroposterior (AP) and posteroanterior (PA)
X-ray views. Each NLE is associated with diagnosis and evidence labels.
The dataset is divided into training, validation, and test sets. However,
its relatively smaller size and the subjective nature of natural language
explanations remain key limitations.

MIMIC-III: MIMIC-III is a large, publicly available database con-
taining anonymized health records of over 40,000 patients admitted
to critical care units at Beth Israel Deaconess Medical Center be-
tween 2001 and 2012 [147]. It includes diverse clinical data such
as demographics, laboratory results, procedures, medications, imaging
reports, clinical notes, mortality records, and vital signs [148]. The
dataset supports a wide range of research applications, including clini-
cal decision-making, epidemiology, and healthcare analytics. However,
it lacks direct linkage with image data, which limits its standalone use
in vision-language tasks.

MIMIC-IV: MIMIC-IV is a relational database that encompasses
detailed records of hospital stays for patients admitted to a tertiary aca-
demic medical center in Boston, USA [149]. It includes comprehensive
information such as laboratory results, prescriptions, vital signs, and
other clinical data. Designed to support a broad range of healthcare
studies, MIMIC-IV builds upon MIMIC-III and introduces several en-
hancements [150]. However, similar to MIMIC-III, it does not natively
include chest X-ray images, which limits its direct applicability in
vision-language modeling. Linking it with imaging datasets such as
MIMIC-CXR can enhance its utility for multimodal analysis.

CXR with Previous Citations Removed (CXR-PRO): The CXR-
PRO dataset is derived from MIMIC-CXR [129] and consists of 374,139
impression-only radiology reports with associated chest radiographs
[151]. These reports exclude references to prior imaging studies to
reduce hallucinated citations in medical report generation. This design
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Fig. 8. Non-radiology images from the ROCO dataset for VL research [128].

Table 3

This table provides a detailed description of widely used medical VL datasets, including information on image count, size, annotation types, class counts, and
data availability. Class counts are approximate and have been inferred from related publications, dataset repositories, and other sources due to the absence of

explicitly defined class labels in some datasets.

Dataset No. of images  Size Format Classes Annotations Split Storage Availability
ROCO [130] 79,789 Varying JPG, PNG 12 Captions 70/15/15 Not Specified Public
1U X-ray [131] 7470 1024 x 1024 JPG 14 Image + Reports Not Specified 2 GB Public
MIMIC-CXR-JPG [132] 377,110 256 x 256 JPG 14 None (Images Only) Predefined 150 GB Public
MIMIC-NLE [133] 500k Text Only - 17* (UMLS entities) NER labels Not Specified Not Specified Public
MIMIC-II [134] 26,870 Mixed CSV, TXT 75 (ICD-9 codes) Structured + Text Not Specified 32 GB Public
MIMIC-IV [135] 524k Mixed CSV, TXT 82 (ICD-10 codes) Structured + Notes Not Specified 100 GB Public
CXR-PRO (No. Verified) 20,000+ Not Specified PNG/JPG 14 BBoxes + Labels Not Specified Not Specified Not Public
PadChest [136] 160,000 Varying PNG 174 Labels + BBoxes Not Specified 300 GB Public
MedICap [137] 1,000+ Varying Mixed 18 (modalities terms) Captions + Labels Not Specified = Public
MS-CXR [138] 377,110 256 x 256 JPG 14 Image-text pairs Predefined 150 GB Public
SLAKE [139] 6000 Varying JPG 8 QA pairs Not Specified Not Specified Public
VQA-RAD [140] 315 Varying JPG 11 QA pairs 70/10/20 500 MB Public
PMC [141] 227k pairs Varying PNG 20+ (terms from captions) Captions + Labels Not Specified Not Specified  Public
VQA-Med [142] 4200+ Varying JPG 15 QA pairs Predefined Not Specified Public
PathVQA [143] 4998 Varying JPG 22 QA pairs Predefined Not Specified Public
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Fig. 9. Sample photos from the data collection with their equivalent three-
word descriptions [128].

provides cleaner inputs for training models to generate concise diag-
nostic summaries. However, the absence of detailed findings sections
and incomplete pairing between reports and images may limit effective
vision-language alignment.

PadChest: Chest X-ray Dataset with Multi-label Annotations:
The PadChest dataset [136] comprises over 160,000 high-resolution
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chest X-ray images from approximately 67,000 patients. The dataset
includes multiple projection views and is accompanied by demographic
and acquisition metadata [152]. It provides extensive annotations,
including anatomical locations, differential diagnoses, and radiographic
findings mapped to a standardized taxonomy using UMLS. A portion
of the data is manually annotated by radiologists, while the remain-
der is labeled using automated methods. PadChest is widely used for
multi-label classification, disease localization, and segmentation tasks.
However, class imbalance and the presence of automated annotations
may introduce label noise.

MedICap: Medical Image and Caption Dataset: The MedICap
dataset consists of 217,061 images extracted from open-access PMC
articles, covering diverse medical domains including radiology [51]. It
integrates data from the S20RC corpus [153] and ROCO figures [127],
resulting in figure-caption pairs derived from compound figures, as
illustrated in Fig. 10. MedICap supports tasks such as image-text align-
ment and caption generation due to its large scale and diversity.
However, variability in caption quality and the weakly supervised
nature of the dataset may limit performance in fine-grained clinical
applications.
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Table 4

Medical VL model training datasets.
Dataset Year Image-Text pairs Language
ROCO [130] 2018 87,952 (81,825 radiology, 6127 out-of-class) English
IU X-ray [131] 2017 7470 chest X-ray images with 3955 reports English
MIMIC-CXR-JPG [132] 2019 377,110 images with 227,827 reports English
MIMIC-NLE [133] 2022 38,003 image-NLE combinations English
MIMIC-III [134] 2016 - English
MIMIC-IV [135] 2023 - English
CXR-PRO (No. Verified) 2022 374,139 impression sections English
PadChestt [136] 2020 160,000+ chest X-ray images Spanish
MedICap [137] 2020 217,060 images from 131,410 PMC articles English
MS-CXRR [138] 2022 1162 image-text pairs English
SLAKE [139] 2021 642 images with 14,028 QA pairs English, Chinese
VQA-RAD [140] 2018 3515 QA pairs English
PMC [141] 2022 15,282,336 image-caption pairs English
VQA-Med (2019-2021) [142] 2019-2021 15,292 QA pairs, 5000 images, 5500 pairs English
Pathology VQA (PathVQA) [143] 2019 4998 images with 32,799 QA pairs English

The tumor (approximately 40mm in diameter) was h

nography scan (right), indicated low intensity on T ( 2r), and hig
ntensi 2-weight r diffusion MRI (left). Dynamic study revealed peripheral
enhancement ona Iate phase The tumor located close to the inferior vena cava. MRI =
magnetic resonance imaging.

ed computed

Fig. 10. Because the subfigures in this figure are referenced by spatial position
in a right-to-left order, subfigure-to-subcaption alignment is difficult. Color
designates corresponding subfigures and subcaptions.

Original source: [154]; from where the figure and caption are adapted.

Multi-Scale Chest X-ray (MS-CXR): The MS-CXR dataset includes
1162 image-report pairs, each annotated with bounding boxes indicat-
ing relevant pathological findings verified by board-certified radiolo-
gists [155]. It focuses on eight cardiopulmonary conditions, including
atelectasis, consolidation, cardiomegaly, pneumonia, edema, lung opac-
ity, pneumothorax, and pleural effusion. The dataset integrates data
from MIMIC-CXR [129] and REFLACX [156]. MS-CXR is well-suited for
tasks involving fine-grained visual grounding and report generation due
to its high annotation precision. However, its relatively small size limits
its standalone applicability in large-scale deep learning models [157],
making it more suitable for fine-tuning and evaluation purposes.

Pathology Visual Question Answering (PathVQA): The PathVQA
dataset is a domain-specific visual question answering (VQA) bench-
mark designed for pathology applications. It contains 4998 pathology
images and 32,799 question-answer pairs curated to simulate realistic
diagnostic queries. The images are collected from pathology textbooks
and the PEIR Digital Library [143]. Each image is annotated with
multiple QA pairs covering a range of clinical reasoning tasks, in-
cluding abnormality detection, object presence, attribute recognition,
counting, positional relationships, tissue identification, and clinical
inference [158]. This diverse categorization enables comprehensive
evaluation of a model’s ability to interpret and reason over medical
visual data. By incorporating both simple and complex question types,
PathVQA supports the development of multimodal models that combine
visual understanding with medical knowledge [159].

Semantically-Labeled Knowledge-Enhanced (SLAKE): The
SLAKE dataset [139] is a bilingual (English and Chinese) medical
dataset comprising 642 annotated images covering multiple diseases
and anatomical regions. Each image is enriched with bounding boxes
for object detection and segmentation masks for detailed visual under-
standing [160]. The dataset includes 14,028 question-answer pairs,
consisting of both open-ended and closed-ended questions, as illus-
trated in Fig. 11. In addition, SLAKE provides structured knowledge
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Fig. 11. Accuracy comparison of BiomedCLIP, PubMedCLIP, and CLIP across
different tasks (Open, Closed, and Overall) on the SLAKE dataset.
Original source: [118]; from where the figure and caption are adapted.

in the form of triplets (head, relation, tail), capturing relationships be-
tween medical entities such as organs and diseases. These annotations
support tasks involving knowledge-based reasoning and visual ground-
ing. While SLAKE offers rich semantic annotations and multilingual
support, its relatively small size and limited modality diversity restrict
its applicability for large-scale training.

VQA-RAD: The VQA-RAD dataset [161] consists of medical images,
including chest X-rays, abdominal CT scans, and head CT/MRI slices,
selected to represent unique patients. Each image is accompanied by
expert-verified captions describing modality, anatomical plane, and
diagnostic findings. The dataset contains 3515 question-answer pairs,
with multiple questions per image, including both structured and un-
structured formats as well as linguistically varied rephrasings. The
questions are categorized into open-ended and closed-ended types,
covering a broad range of clinical reasoning tasks, as shown in Table 5.
VQA-RAD serves as an important benchmark for evaluating multimodal
models in medical VQA, supporting research in image understanding
and diagnostic reasoning. However, its relatively small size and lim-
ited diversity in imaging modalities and disease coverage may restrict
generalizability in large-scale applications (see Fig. 12).

PubMed Central (PMC): PMC-15M is a large-scale dataset of paired
biomedical images and corresponding text, extracted from full-text sci-
entific articles available in PubMed Central (PMC), a publicly accessible
biomedical repository. As of June 2022, over 4.4 million full-text arti-
cles were available, from which more than 15 million image-caption
pairs were curated. Each article package typically includes XML files,
PDFs, and associated media, enabling the extraction of diverse visual
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Table 5

Analysis of medical VL Datasets: Advantages, limitations, and proposed solutions.
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Dataset

Advantages

Limitations

Proposed Solutions (Augmentation/Preprocessing)

ROCO [130]

1U X-ray [131]

MIMIC-CXR

MIMIC-CXR-JPG
[132]

MIMIC-NLE

[133]
MIMIC-II [134]

MIMIC-IV [135]

CXR-PRO (No.
Verified)

PadChest [136]
MedICap [137]

MS-CXR [138]

SLAKE [139]

Diverse biomedical content including
radiology and out-of-domain data

Balanced image-report pairs; used widely
in research

Large-scale paired dataset; real-world
clinical reports

Easy-to-use JPG format; mirrors
MIMIC-CXR content

Introduces natural language explanations
(NLESs)

Rich EHR data for multi-modal research

More recent and richer than MIMIC-III

Large impression-only dataset

Multilingual dataset; annotated with
pathologies

Large captioned dataset from scientific
articles

Carefully curated image-text pairs

Multilingual QA pairs; visual grounding
elements

Imbalance between radiology and
other domains; limited QA pairs

Small size; outdated modality
spectrum

Unstructured and noisy reports;
possible image redundancy

Loss of detail due to JPG
compression; same limitations as
MIMIC-CXR

Small scale; limited clinical
diversity

No image-text pairing; purely
textual

Still lacks native image-text pairs

Lacks full reports and images

Reports in Spanish; limited
cross-lingual usability

Captions may be noisy or
unrelated to image content

Very small size; limited variability

Small number of images; uneven
QA quality

Use modality-specific sampling; generate QA pairs
using LLMs; augment out-of-domain samples using
generative models.

Relabel with modern lexicons; use text
summarization for concise inputs.

Normalize report structures using section labeling;
remove duplicates; use weak supervision for image
filtering.

Apply contrast enhancement and noise robustness
training; align with DICOM versions if available.

Generate synthetic NLEs via prompt-tuned GPT;
expand to multi-institutional datasets.

Pair with public radiographs using diagnosis codes;
apply table-to-text generation for synthetic
captions.

Link with image banks using timestamps/ICD
codes; use structured-to-natural language
techniques.

Combine with other CXR image sets; generate full
reports from impressions via text expansion.

Translate reports with clinical-domain MT;
normalize to UMLS terms.

Filter captions using NLP similarity measures;
group similar captions using clustering.

Use GANSs to generate synthetic X-rays; oversample
underrepresented pathology classes.

Expand QA with GPT-based multilingual prompts;
augment images via transformations.

VQA-RAD [140] First medical VQA dataset; clinically

relevant QA

PMC [141] Massive scale; covers a wide range of

biomedical topics

VQA-Med [142] Annual VQA challenges; benchmarks QA

performance

PathVQA [162] Specialized in pathology; extensive QA

per image

Limited QA volume; lacks
diversity

High noise in captions; varied
image quality

Small image base; inconsistent
QA styles across years

Image complexity high; QA pairs
manually limited

Use VQA template generation; integrate additional
X-rays from MIMIC-CXR.

Clean captions with QA-filtering; resample from
underrepresented journals.

Normalize QA format; synthesize diverse questions
using LLMs.

Apply image enhancement; generate QA with
few-shot prompting.

VQA-RAD

—~ 90
X 80.0 794
S 76.
= 80 - 727 721 713
O 67.0
s /0
5 60.1 59.9
8 60
< |
40 - | || [
Open Closed Overall

M BiomedCLIP @ PubMedCLIP CLIP

Fig. 12. Accuracy comparison of BiomedCLIP, PubMedCLIP, and CLIP across
different tasks (Open, Closed, and Overall) on the VQA-RAD dataset.
Original source: [118]; from where the figure and caption are adapted.

and textual content. While PMC resources have been widely used to
pretrain biomedical language models such as PubMedBERT [163] and
BioGPT [164], this dataset extends their applicability to the vision-
language domain by integrating textual information with biomedical
imagery [165]. It includes a wide range of image types, such as digital
pathology, microscopy images, radiographs (e.g., X-rays, MRIs, and CT
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scans), and schematic figures like charts and graphs [166]. Notably,
PMC images often exceed standard resolutions used in conventional vi-
sion models, and their captions can be significantly longer than typical
input limits in models such as CLIP [167], posing challenges for model
design. To address this, images are linked with semantic concepts
using curated biomedical taxonomies within embedding spaces such
as BiomedCLIP [29]. Although variability in data quality and modality
exists, the scale and diversity of PMC-15M make it a valuable resource
for large-scale pretraining of biomedical vision-language models.
VQA-Med (2019-2021): The VQA-Med dataset, developed between
2019 and 2021, provides a structured benchmark for Visual Ques-
tion Answering (VQA) in the medical domain, particularly radiol-
ogy. In 2019, the dataset included 15,292 QA pairs associated with
4200 radiology images sourced from the publicly available MedPix
database [142]. The training set comprised 12,792 QA pairs and 3200
images, with each image paired with 3-4 questions, while the vali-
dation and test sets each included 500 images and corresponding QA
sets. The questions focused on key aspects such as imaging modal-
ity, anatomical system, imaging plane, and pathological abnormalities.
In 2020, the dataset expanded to 5000 radiology images and QA
pairs [168], maintaining a similar structure with 4000 QA pairs for
training and 500 each for validation and testing. This version empha-
sized defect identification and introduced a subset dedicated to Visual
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Table 6
Summary of VQA-Med Datasets (2019-2021).

Year Total Images QA Pairs Training Validation Test

(Images, QA) (Images, QA) (Images, QA)

2019 4200 15,292 3200, 12,792 500, - 500, -

2020 5000 5000 4000, 4000 141, - 80, -

2021 5500 5500 4500, 4500 85, 200 100, -

/ prospective clinical validation, compliance with regulations, and the
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Fig. 13. Comprehensive list of datasets utilized in this survey.

Question Generation (VQG), containing 2156 questions and 780 train-
ing images. In 2021, the dataset was further enriched with 5500 QA
pairs and corresponding images [169]. The training portion contained
4500 image—QA pairs, with an emphasis on 17 distinct abnormalities.
Like its predecessors, the dataset supported both VQA and VQG tasks.

The detailed dataset splits and statistics across all versions are
summarized in Table 6. The progressive development of VQA-Med
highlights its growing utility in training and evaluating models for
medical image understanding and clinical reasoning. Its consistency
in structure and increasing complexity across years make it valuable
for longitudinal research. However, limitations such as the restricted
image sources (primarily MedPix), relatively small dataset size, and
domain-specific question formulation may constrain its generalizability
to broader medical imaging applications.

4.2. Clinical deployment and real-world considerations

Even though vision-language models have evolved very fast in
their use in the medical field, they are not implemented in actual
clinical practice. The majority of the systems available are now being
tested with retrospective studies and controlled benchmarks, and few
have advanced to pilot clinical tests. Among the major challenges are
the requirements of regulatory approvals, including the adherence to
standards implemented by agencies such as the FDA, and the issues
of data privacy, data security and patient confidentiality. Besides that,
the implementation of VLMs into the current hospital workflow has
practical challenges, such as the interoperability with electronic health
records (EHR) systems, inconsistency in imaging protocols, and the
necessity to perform effective generalization among heterogeneous pa-
tient groups [170]. Model predictions are also important issues because
the interpretability and reliability of the prediction must be transparent
and trustworthy to healthcare professionals to have them adopt the
models. Even though the latest research has shown positive findings in
medical report generation, visual question answering, and diagnostic
assistance, more research is required to close the gap between research
and implementation. The future implementation should be directed at

This section explores the evaluation of medical VLMs, focusing on
the critical early steps of selecting appropriate standard datasets and
identifying suitable assessment metrics tailored to specific VL tasks.
Choosing the right evaluation metrics is essential for accurately mea-
suring model performance, interpreting results, and guiding further
improvements, as shown in Fig. 14. Different tasks, such as image
captioning, VQA, and retrieval, require distinct metrics that balance
importance and limitations based on clinical relevance and computa-
tional feasibility. The detailed overview of these evaluation metrics,
their significance, constraints, and applicability to various medical VLM
tasks is summarized in Table 8.

5.1. Tasks and calculations

The conventional VLM is made to receive an incorporated image-
text prompt as input and created a text response as output. The
prompt, [171], for instance, “What is the image’s modality?” may
cause a reaction. This image exhibits a brain MRI. The key core of
any assessment is the model’s capability to react to diverse question
prompts, which in turn shows the range of tasks the model has the
potential to complete. We measure the VLM on 6 tasks: visual QA,
report summarization [172], QA, image classification, RG, and natural
language inference (NLI) to offer a complete calculation of its abilities.
We explain in detail the prompt design, datasets, and performance
metrics that MultiMedEval applies for assessment in individual tasks.
The evaluation criteria and associated metrics for these tasks are
summarized in Table 9. For each dataset, with the exclusion of MIMIC-
III and Pad-UFES-20, which limits an official divide, we utilize the split.
We suggest employing 20% of the Pad-UFES 20 dataset for testing, and
we utilize the split suggested by [173] for MIMIC-III. Except for MIMIC-
CXR, the model forecasts the answer for all datasets by assessing the
BLEU score among every class and the model’s reaction, then opting
for the category that scored the highest points. The answer is labeled
CheXBert [174] for the MIMIC-CXR dataset. CheXBert is a report-
labeling technology that derives 14 environments, of which we keep
5 settings (Edema, pleural effusion, consolidation, cardiomegaly, and
atelectasis) for calculating the metrics. We describe the classification
performances applying macro AUROC, macro F1, and macro accuracy,
once the classes are obtained. The evaluation criteria and associated
metrics for these tasks are summarized in Table 7.

5.1.1. Bilingual Evaluation Understudy (BLEU)

The BLEU score is an automatic evaluation metric originally devel-
oped for machine translation by quantifying the overlap of n-grams
between a system-generated text and one or more reference texts [175].
The fundamental component of BLEU is the n-gram precision, defined
as the ratio of matched n-grams in the generated text to the total
n-grams present in that output:

Number of overlapping n-grams
Total number of n-grams in generated text

Precision(n) = 1)

where overlapping n-grams are those that match with at least one n-
gram in the reference text. To avoid inflating precision due to repeated
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Evaluation criteria and metrics for Vision-Language Model (VLM) tasks.

Knowledge-Based Systems 352 (2026) 116901

Task Dataset(s)

Prompt/Input type

Evaluation metrics

Visual Question Answering (VQA)
Report Summarization

General QA

Image Classification

Report Generation (RG)

Natural Language Inference (NLI)

VQA-RAD [161], VQA-Med [142]
MIMIC-CXR [132], ROCO [177]
MedQA [179], PubMedQA [141]
MIMIC-CXR (CheXbert labels) [174]
MIMIC-CXR [132], IU X-ray [181]
MedNLI [184]

Image

Image + Question prompt [171]
Radiology report

Text question
Image only

Sentence pairs

BLEU [175], ROUGE [176], Accuracy

ROUGE [176], BLEU [175], Perplexity [178]

Accuracy, Fl-score

Macro AUROC [180], Macro Fl-score, Macro Accuracy

BLEU [175], ROUGE [176], BERTScore [182], CheXbertSim [183]
Accuracy, F1-score

Table 8

Evaluation metrics: Importance, limitations, and suitability for medical VL tasks.

Metric Importance in medical imaging Limitations Useful for medical
imaging?
BLEU [175] Common metric for language generation; measures Ignores clinical correctness; sensitive to wording Limited
n-gram overlap between generated and reference variations; poor correlation with medical relevance.
reports.
ROUGE [176] Measures recall-oriented overlap, often for Fails to capture clinical accuracy or importance of Limited
summarization tasks; useful to gauge coverage of critical findings; insensitive to semantic
key phrases. equivalence.
METEOR [185] Includes synonym and paraphrase matching, Struggles with clinical nuances; cannot evaluate Limited
improving over BLEU/ROUGE for semantic correctness of clinical facts.
similarity.
Perplexity [186] Originates from speech recognition and language Does not evaluate clinical relevance or correctness; No
modeling; it measures how well a probabilistic low perplexity indicates fluent text but not
model predicts a sample. medically accurate content.
BERTScore [182] Uses contextual embeddings to capture semantic Does not guarantee clinical correctness or capture Moderate
similarity; better semantic matching than diagnostic accuracy.
traditional metrics.
CheXbert Vector Designed for chest X-ray reports; compares disease May miss subtle contextual or non-disease errors; Yes
Similarity [145] mentions and medical concepts between texts. dataset-specific limitations.
RadGraph F1 Evaluates extraction of clinical entities and Requires detailed annotation; limited Yes
[187] relations; reflects correctness of structured medical generalizability outside annotated datasets.
information.
Human Direct assessment of clinical correctness and Resource-intensive, subjective, lacks Yes
Evaluation [188] usefulness by medical experts. standardization, often limited sample size.
RadCliQ [189] Combines clinical correctness and linguistic Emerging metric requires more validation across Promising

quality; designed for clinical report evaluation.

datasets and scenarios.

n-grams, a clipping technique is applied: restrict the count of any n-
gram in the generated text to its maximum occurrence in a reference
sentence. This prevents redundancy from skewing the evaluation. The
final BLEU score incorporates a geometric mean of these clipped pre-
cisions across up to N n-gram lengths, commonly set to 4, combined
with a brevity penalty (BP) to penalize overly short outputs: Table 10
presents QA tasks which are used in image classification and report
summarization, and achieved a value of 40%. Here is the equation for
BLEU-n:

N

BLEU-n = BP x exp 2 w, - log [precision(n)] 12)
n=1
1 ife>r,

BP = r B 13
M7 ife<r,

where ¢ is the length of the generated text and r is the reference
length. BLEU scores range from O to 1, with higher values indicating
closer alignment with the reference text. BLEU is widely used across
natural language generation (NLG) tasks such as QA [190], image
captioning, and medical report summarization [191] due to its sim-
plicity, computational efficiency, and consistency as a benchmarking
tool. It reliably measures surface-level lexical similarity and discourages
excessively short outputs. Nonetheless, its reliance on exact n-gram
matches limits its ability to recognize paraphrased or semantically
equivalent expressions. Additionally, its effectiveness diminishes with
fewer or less diverse reference texts, potentially leading to misleading
evaluations. Hence, while BLEU remains a foundational metric for
text generation evaluation, it is advisable to use it alongside metrics
that better capture semantic correctness and contextual understanding,
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especially in domains that require nuanced language, such as medical
applications.

Clinical Relevance and Limitations: Although BLEU is widely
used in report generation, its lexical matching nature poses limitations
in medical text evaluation. A model may generate clinically incorrect
findings while still achieving a high BLEU score due to surface-level
n-gram overlap. In radiology or medical reporting, factual correct-
ness (e.g., “no pneumothorax” vs. “mild pneumothorax present”) is
significantly more important than wording similarity. BLEU also fails
to evaluate whether the generated report identifies key abnormalities
or supports clinical decision-making. Therefore, in medical settings,
BLEU should not be used alone; it must be complemented with clin-
ically grounded metrics such as RadGraph-F1 or CheXbert similarity
alongside expert radiologist review [175].

5.1.2. Recall-Oriented Understudy for Gisting Evaluation (ROUGE)

ROUGE is a widely adopted set of evaluation metrics designed to
compare automatically generated text, especially summaries, against
high-quality human-authored reference summaries [176]. It measures
the overlap of lexical units such as unigrams, bigrams, and sequences
between the generated and reference texts. ROUGE metrics are par-
ticularly recall-oriented, emphasizing how much of the reference in-
formation is captured in the system output [176]. These metrics are
extensively used across various NLP applications, including question
answering, machine translation, headline generation, and abstractive
text summarization.
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Key ROUGE metrics:

ROUGE-N: This metric evaluates the overlap of n-grams between
the generated and reference summaries. It is typically used with n = 1
(ROUGE-1) for unigram overlap and n = 2 (ROUGE-2) for bigram
overlap. ROUGE-N measures how many of the reference n-grams are
captured in the generated text:

Number of matching n-grams

ROUGE-N = 14)

Total n-grams in reference summary

A higher ROUGE-N score indicates better lexical overlap, which corre-
lates with content preservation.

ROUGE-L: This metric is based on the Longest Common Subse-
quence (LCS) between the generated and reference summaries. Unlike
ROUGE-N, ROUGE-L accounts for word order without requiring strict
contiguity, capturing fluency and grammatical coherence:

LCS(X,Y)
Length of reference summary

ROUGE-L = 15)

Here, LCS(X, Y) denotes the length of the longest common subsequence
between the generated summary X and the reference summary Y.
ROUGE-L is especially useful for evaluating summary structure and
sequence fidelity.

ROUGE-S (Skip-Bigram): This variant evaluates the co-occurrence
of skip-bigrams, any pair of words that appear in the same order in
both summaries, not necessarily adjacent. It captures non-contiguous
phrasal matches that can reflect more flexible paraphrasing:

Number of skip-bigram matches
Total skip-bigrams in reference

The choice of the ROUGE metric should be aligned with the specific
objectives of the task at hand. ROUGE-1 is particularly effective for
evaluating content adequacy, making it suitable for extractive sum-
marization or scenarios where capturing the surface-level content of
the reference is paramount. ROUGE-2, by measuring bigram over-
laps, offers a more refined evaluation by capturing the preservation
of short dependencies and key phrases, which is especially useful in
tasks such as machine translation and dialogue generation. In contrast,
ROUGE-L, which is based on the longest common subsequence, is more
appropriate for assessing fluency, grammatical structure, and sentence-
level coherence, making it well-suited for abstractive summarization.
Meanwhile, ROUGE-S, which measures skip-bigram matches, is ad-
vantageous for detecting semantic overlap in paraphrased or loosely
structured outputs where flexibility in word positioning is permitted.

Although ROUGE provides an interpretable and standardized frame-
work for text evaluation, it has limitations. It is inherently lexical and
does not capture deeper semantic meaning, leading to an underes-
timation of quality in paraphrased or conceptually accurate outputs
with divergent wording. Moreover, performance can vary significantly
depending on the number and diversity of reference summaries avail-
able [191]. Thus, ROUGE should be complemented with semantic
evaluation metrics such as METEOR, BERTScore, or human judgment,
especially in complex domains like medical report generation, legal
summaries, or conversational Al [192].

Clinical Relevance and Limitations: While ROUGE effectively
measures recall and content overlap, it does not capture diagnostic
correctness or clinical reasoning. In medical reports, two sentences may
share many overlapping words but contradict each other clinically. For
instance, “no consolidation observed” and “consolidation present” may
have comparable ROUGE overlap yet lead to opposite diagnoses. Due
to this limitation, ROUGE alone is insufficient for evaluating medical
text generation. Consequently, clinical validation through physician
assessment, entity-based metrics, and real-case deployment trials is
critical to ensure trustworthiness in healthcare applications [176].

ROUGE-S = (16)
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5.1.3. Metric for Evaluation of Translation with Explicit ORdering (ME-
TEOR)

The METEOR metric, introduced by Banerjee and Lavie in 2005
[185], was developed to address some of the shortcomings of earlier
evaluation metrics like BLEU, particularly by placing a greater empha-
sis on meaning preservation and fluency in the generated text. Unlike
BLEU, which relies primarily on precision of n-gram overlaps, METEOR
incorporates both precision and recall, and introduces a penalty term
to account for fragmented matches, resulting in a more balanced and
interpretable evaluation.

The METEOR score is calculated using the harmonic mean of un-
igram precision P and recall R, with recall weighted higher, and is
further adjusted by a fragmentation penalty. The formula is:

10-P-R
METE = ———— - (1 — Penal 1
OR R10. P ( enalty), a7
where precision and recall are defined as:
_ Number of overlapping unigrams as)

~ Total unigrams in the reference ’

Number of overlapping unigrams

P= - - ; . 19
Total unigrams in the candidate

The penalty term penalizes disordered or scattered matches and is

computed as:

Number of chunks

3
2
Number of matched unigrams> ’ (20)

Penalty = % <

where a chunk refers to a sequence of unigrams that appear in both the
generated and reference texts in the same order and without interrup-
tion. This penalization ensures that more fluent and coherent outputs
are rewarded. The final METEOR score ranges from O to 1, where higher
values reflect better alignment in both content and structure between
the generated and reference texts. METEOR is specifically valued in
tasks like machine translation and summarization because of its ability
to accommodate synonyms, stemmed variations, and flexible word
ordering, offering a more semantically sensitive evaluation than purely
lexical methods. Clinical Relevance and Limitations: Even though
METEOR considers synonyms and generates more meaning-aware eval-
uation than BLEU/ROUGE, it still lacks mechanisms to validate medical
findings, pathology correctness, or relationships between anatomical
structures. A report may receive a high METEOR score despite missing
life-critical observations like hemorrhage or misidentifying anatomical
locations. Therefore, METEOR should be applied with caution in med-
ical report generation and ideally combined with clinically-oriented
metrics and human evaluation by radiologists or medical experts [193].

5.1.4. Perplexity

Perplexity is a widely adopted evaluation metric in NLP, particu-
larly for assessing the performance of language models. Quantifies the
degree of uncertainty a model has in predicting the next word in a
sequence: Lower perplexity values indicate greater confidence and, gen-
erally, better predictive accuracy [186]. This makes it a fundamental
tool in evaluating models for tasks such as text generation, machine
translation, and speech recognition.

Formally, given a sequence of words w,,®,, ..., ®, and a language
model that assigns a probability distribution P, perplexity is defined as:

n
Perplexity = 2H®P) - where H(P) = -1 Z log, p(®;) 2D
n

Here, H(P) denotes the entropy of th[e ]probability distribution, and
p(w;) is the predicted probability of the word ;. Perplexity essentially
corresponds to the exponential of the average negative log-likelihood
per word. A lower value implies that the model is more confident in its
predictions, indicating stronger language modeling capabilities.

While perplexity is a strong indicator of syntactic fluency and
internal consistency in a language model, it does not directly ac-
count for semantic adequacy or alignment with human judgment.
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Therefore, its applicability is most appropriate during model devel-
opment phases, such as pretraining and fine-tuning. For downstream
evaluation, particularly in tasks like summarization or translation,
semantic-aware metrics (e.g., ROUGE, METEOR) are often used in
conjunction with perplexity to offer a more comprehensive assessment.
Clinical Relevance and Limitations: A low perplexity score indicates
strong language fluency but does not guarantee medical correctness or
diagnostic accuracy. A model could generate grammatically perfect but
clinically dangerous statements. Perplexity evaluates probability distri-
bution quality, not whether the model identifies diseases correctly or
avoids hallucinating conditions. For real-world deployment, perplexity
must be complemented with clinical evaluation frameworks, factual
consistency checks, and domain-specific safety assessments.

5.1.5. BERTScore

BERTScore is a semantic similarity metric for evaluating NLG tasks
such as report summarization and VQA. Unlike lexical overlap-based
metrics, BERTScore leverages contextual embeddings from pretrained
language models (e.g., BERT) to compute similarity at the token level
[182]. In this study, the BERTScore attained a value of 45%, reflect-
ing its ability to measure semantic alignment between generated and
reference text.

Embedding representation. Each token in the candidate and reference
sentences is embedded using contextual representations from a pre-
trained BERT model. Let C; denote the embedding of the ith token in
the candidate sentence and R; the embedding of the jth token in the
reference sentence.

Cosine similarity. To measure semantic similarity between tokens,
cosine similarity is computed for all pairs of candidate and reference
embeddings:

im(C, Ry = 22)
sim(C;,R;) = ————

T AIGHIR,
where - denotes the dot product and || - || is the L,-norm of the

embedding vector.

Precision. For each token in the candidate sentence, the similarity
with every token in the reference sentence is computed. Precision is
defined as the average of the maximum similarity scores for each
candidate token:

ICl

1 .
max sim(C;, R;
; axsim(C;, R))

= — 23
IC] (23)

Recall. Similarly, recall is calculated by taking the average of the
maximum similarity scores for each reference token when compared
to all candidate tokens:

IR|

1 .
2{ mlax sim(C;, R;)
iz

R= Rl (24)

F1-based BERTScore. The final BERTScore is computed as the har-
monic mean of precision and recall, providing a balanced measure of
semantic overlap from both candidate and reference perspectives:

2XPXR
“PrR

BERTScore has become increasingly important due to its ability
to capture deep semantic relationships between texts, overcoming
the limitations of traditional lexical metrics that rely solely on exact
word matching. This makes it especially valuable in evaluating tasks
where paraphrasing, synonymy, and context play significant roles,
such as abstractive summarization and dialogue generation. Moreover,
BERTScore correlates better with human semantic similarity judgments,
providing a more meaningful assessment of language generation qual-
ity. However, despite its advantages, BERTScore has some limitations.
It requires substantial computational resources due to large pretrained

BERTScore = (25)
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Task Usages

m BLUE
. ROUGE
i - Perplexity
25%, 10% BERTScore

60%, 25%
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® Human Evaluation
m CheXbertSim
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Fig. 14. Distribution of evaluation metrics used across tasks. Note: Each met-
ric is represented by two values (x%, y%), where x% indicates the proportion
of task usage (i.e., how frequently the metric is employed across evaluated
tasks), and y% reflects its visual proportion in the pie chart (i.e., area occupied
in the figure). For example, “60%, 25%” denotes that the metric is used in 60%
of tasks, while it occupies 25% of the chart space for clarity and readability.

models and can be sensitive to the choice of the underlying lan-
guage model and tokenization. Additionally, while it captures semantic
similarity well, it may not fully account for factual correctness or
logical consistency in generated text, which are critical in certain
applications. Thus, BERTScore should ideally be complemented with
other task-specific metrics or human evaluation for a comprehensive
assessment.

Clinical Relevance and Limitations: BERTScore captures seman-
tic similarity better than lexical metrics, yet it remains limited in
detecting factual mistakes, contradictions, and missed findings. In med-
ical reports, semantic closeness does not ensure clinical safety if key
abnormalities are omitted. Additionally, BERTScore depends heavily
on the quality of the pretrained language model, which may not
be trained on medical terminology. Hence, for clinical applications,
BERTScore should be paired with RadGraph-F1, CheXbert, or human
expert validation [182].

5.2. CheXbert Vector Similarity

CheXbert Vector Similarity is a targeted metric designed to assess
whether generated radiology reports accurately reflect the presence
or absence of key clinical findings by comparing binary pathology
label vectors. Using the CheXbert labeled [194], a BERT-based sys-
tem trained on expert-annotated and rule-based labels, each report is
mapped to a 14-dimensional binary vector v indicating the mention (1)
or absence (0) of common chest pathologies. The similarity between a
generated report’s vector v, and the reference report’s vector v, is
computed via cosine similarity:

Ugen * Uref

CheXbertSim = ———,
logen Ml vret |l

(26)
yielding a score in [0, 1], where 1 denotes perfect agreement in pathol-
ogy mentions [195,196]. This metric is important because it abstracts
away linguistic variability and directly measures diagnostic accuracy,
allowing clear interpretability since low scores immediately flag miss-
ing or spurious findings. Its advantages include strong clinical relevance
and straightforward error analysis for specific conditions. However, by
focusing solely on a fixed set of fourteen pathologies, CheXbertSim may
overlook other critical observations and cannot capture the severity
or contextual nuances of mentions. Furthermore, its reliance on a
specialized labeler trained specifically in chest X-ray data limits its
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Table 9
Evaluation Metrics for Various Medical VLM Applications.
Model type Application Evaluation metrics

Medical image segmentation
Medical report generation
Clinical efficacy metrics
Question answering
Relevance evaluation

VL Models (VLMs)

Dice Score, Mean Intersection over Union (mloU)

BLEU, ROUGE, METEOR, Perplexity, BERTScore, RadGraph F1, Human Evaluation
Accuracy, Precision, Recall, F1 Score

Accuracy, Exact Match, Human Evaluation

CheXbert Vector Similarity, F1-BERTScore, RadCliQ

Table 10
Task usage of evaluation metrics in medical vision-language models.
Metric Category Purpose Usage (%) Used In
BLEU N-gram Overlap Measures surface-level similarity with 40% XrayGPT, MedViLL
reference reports
ROUGE N-gram Overlap Captures recall-based similarity of phrases 60% Med-Flamingo, PubMedCLIP
Perplexity Language model Assesses how fluent the generated text is 30% RepsNet, BioGPT
fluency under a language model
BERTScore Semantic similarity Measures contextual embedding similarity 45% LLaVA-Med, BioViL
between outputs and references
RadGraph F1 Clinical entity matching Extracts and compares medical entities in 35% LLaVA-Med, Med-Flamingo
generated vs. ground-truth reports
Human evaluation Expert review A Radiologist or clinician assesses clinical 35% Visual Med-Alpaca, RepsNet
correctness and usefulness
CheXbertSim Clinical label similarity Measures clinical label overlap using 25% CheXzero, MedVLP, BioGPT
CheXbert’s predictions
RadcCliQ Composite clinical Combines BLEU, BERTScore, and 20% VLP-BioMed, Med-Flamingo,

quality
score

CheXbertSim into a factuality-aware quality

LLaVA-Med

applicability to other imaging modalities or pathology domains without
retraining the underlying model [194].

Clinical Trust and Limitations: CheXbert focuses on disease-label
correctness, making it highly useful for verifying whether generated
reports reflect true clinical findings. Yet it only assesses predefined
chest pathologies (14 classes) and may miss rare or nuanced clinical
information. For deployment in practice, CheXbert should be com-
bined with human evaluation, multi-pathology reasoning metrics, and
prospective clinical testing to assess model reliability [145].

5.3. RadGraph F1

RadGraph F1 is a novel evaluation metric specifically designed
for the task of medical report generation, where the primary goal is
to produce clinically accurate and meaningful radiology reports from
medical images [196]. Traditional automatic evaluation metrics such
as BLEU, ROUGE, and METEOR, which were originally developed for
general NLG tasks, primarily measure surface-level textual similarity.
These metrics compare generated and reference texts based on word
or n-gram overlap without considering the underlying clinical content.
While useful for gauging fluency and syntactic similarity, such metrics
are often insufficient in medical contexts where semantic correctness
and factual accuracy are paramount. For instance, a report could have
high BLEU or ROUGE scores but still omit or misrepresent critical
clinical findings, leading to potentially harmful diagnostic errors.

RadGraph F1 addresses these limitations by shifting the focus from
text surface similarity to the accurate extraction and comparison of
clinical entities and their relationships. The metric works by first con-
verting both the reference (ground truth) and model-generated reports
into graph representations. In these graphs [197], nodes correspond to
clinical concepts such as observations, findings, anatomical sites, and
medical conditions, while edges represent the semantic or relational
links between these concepts, for example, specifying that a finding is
located in a particular anatomical region. This graph-based represen-
tation aligns closely with the way radiologists think about reports, as
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a structured network of clinical information rather than just free-form
text.

To calculate the RadGraph F1 score, the system performs entity and
relation extraction on both reference and generated reports. It then
compares the graphs by matching nodes (entities) and edges (relations)
based on their textual content and labels. The F1 score is computed
separately for clinical entities and relationships, capturing both the
correctness of identified medical concepts and the accuracy of their
connections. The final RadGraph F1 score for a report pair is the
average of these two F1 scores. Averaging over all report pairs in the
test set yields an overall performance metric for the generation model.

The key advantage of RadGraph F1 lies in its clinical grounding.
By focusing on entities and their relations, it better reflects the clin-
ical validity of generated reports. This ensures that the model is not
only producing grammatically correct sentences but also conveying
medically important information accurately. Furthermore, RadGraph
F1 provides a more interpretable diagnostic tool for model developers
by identifying whether errors arise from missing or incorrect entities
or flawed relations. However, the metric also has notable limitations.
Its accuracy depends on the performance of the underlying entity
and relation extraction model, which itself can introduce errors or
inconsistencies. In addition, the complexity of graph construction and
comparison requires more computational resources than traditional
metrics, which can be a bottleneck for large-scale evaluations. Finally,
RadGraph F1 focuses on structured information and may not fully
capture nuances such as clinical reasoning, implied meanings, or subtle
linguistic variations that do not directly map to graph structures [198].

Despite these limitations, RadGraph F1 has gained wide adoption
as a complementary metric alongside traditional text similarity mea-
sures in medical report generation research. Current state-of-the-art
systems typically achieve scores around 35%, indicating the significant
challenge of generating radiology reports that are both linguistically
fluent and clinically accurate. By providing a clinically meaningful
evaluation, RadGraph F1 helps guide the development of more reliable
and trustworthy medical Al systems.
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Clinical Deployment Impact: RadGraph-F1 directly evaluates clin-
ical correctness by comparing entities and relations, making it suitable
for real diagnostic scenarios. It has been used in multiple radiology
report generation studies and demonstrates a stronger correlation with
radiologist judgment compared to BLEU/ROUGE. However, because
this metric relies on extraction models, errors in entity detection can
propagate. Clinical trials and expert-in-the-loop evaluations remain
necessary for deployment in hospitals [187].

5.4. Human evaluation

Human evaluation is equally, if not more, essential in assessing
the quality of VLMs designed for medical report generation. Unlike
automated metrics, human assessment leverages the expert knowledge
and clinical judgment of trained radiologists to evaluate reports in
terms of accuracy, coherence, and clinical usefulness. This qualitative
evaluation is indispensable because automatic metrics can only ap-
proximate clinical validity and often fail to detect subtle but critical
errors that impact patient care. For example, a generated report might
describe an abnormality using clinically inaccurate terminology, omit
relevant findings, or contradict earlier statements, issues that can be
detected reliably only through expert review.

In typical human evaluation protocols, expert radiologists review
generated reports line by line, classifying errors such as factual inac-
curacies, missing observations, contradictory statements, and linguistic
mistakes [199]. Each identified error is assigned a severity score re-
flecting its clinical impact, allowing evaluators to quantify how harmful
or misleading an error might be. Two summary statistics are then
computed: Maximum Error Severity (MES), which captures the worst
error severity score present anywhere in the report, and Average Error
Severity (AES), which averages the severity scores across all report lines
to reflect overall report quality.

The use of MES is particularly valuable because even a single
severe error can undermine the clinical reliability of a report and affect
downstream decision-making. AES, on the other hand, provides a more
holistic view of report quality, including minor but cumulative errors.
Radiologists’ evaluations often reveal that a relatively small proportion
of generated reports are error-free, with typical studies reporting that
around 18% of model outputs have MES scores of zero (indicating no
severe errors), while about 24% have AES scores of zero (indicating an
overall error-free impression).

Human evaluation brings multiple advantages. It incorporates clin-
ical expertise and contextual understanding that cannot be easily repli-
cated by automated systems. It can assess pragmatic aspects of report
quality such as clarity, interpretability, and appropriateness for clinical
workflows. Additionally, it enables the identification of specific error
types, informing targeted improvements in model design and training
data. However, human evaluation also has limitations. It is resource-
intensive, requiring significant time from busy clinical experts. The pro-
cess is inherently subjective, and inter-rater variability can affect con-
sistency. Establishing standardized protocols and training evaluators is
necessary to improve reliability, but it remains challenging.

Despite these challenges, human evaluation remains the gold stan-
dard for validating medical report generation systems before clinical
deployment. It ensures that models meet the stringent requirements
of safety, accuracy, and utility demanded in healthcare settings. More-
over, human evaluation is not limited to report generation but extends
to related tasks such as VQA in radiology, where interpretability and
clinical reasoning are vital.

5.5. RadCliQ: Radiology Report Clinical Quality metric

RadCliQ (Radiology Report Clinical Quality) is a composite evalua-
tion metric developed to quantify the clinical accuracy of Al-generated
radiology reports by combining multiple complementary scores into
a single radiologist-aligned value. Traditional text-overlap measures
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such as BLEU often fail to detect missing or incorrect clinical find-
ings, while semantic metrics like BERTScore may overlook factual
errors in entity relationships. RadCliQ addresses these gaps by inte-
grating BLEU, BERTScore, CheXbert vector similarity, and RadGraph
F1 through a linear regression model trained on expert error annota-
tions [196,200]. Formally, if m,,...,m, denote the normalized scores
of BLEU, BERTScore, CheXbertSim, and RadGraphF1, respectively, then
RadCliQ is defined as:

RadCliQ = a mp gy + f MpERrTScore + ¥ MCheXbertSim

+6 MR adGraphF1 +b
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where a,f,7,6, and b are learned coefficients [201] that minimize
prediction error against radiologists’ total error counts. RadCliQ is
important because it captures both linguistic fidelity and clinical cor-
rectness, providing a more accurate and clinically relevant evaluation
of radiology reports, achieving a Kendall’s Tau-b correlation of 0.522
with human judgments and outperforming individual component met-
rics. Its advantages include combining multiple complementary metrics
that better reflect clinical accuracy, aligning closely with radiologist
evaluations by leveraging expert annotations, and capturing nuanced
clinical relationships beyond simple text overlap. However, RadCliQ’s
reliance on multiple underlying metrics and the need to fit a regres-
sion model introduce computational overhead, and its design, based
on chest X-ray reporting conventions and specific error annotations,
may limit its generalizability to other medical domains or reporting
styles [195,196].

5.6. Comparative evaluation of medical VLMs

To holistically evaluate the capabilities of cutting-edge medical
VLMs and VQA systems, Table 11 presents a unified performance
comparison across a diverse set of benchmark datasets, including
MIMIC-CXR [132], VQA-RAD [140], ROCO [130], PathVQA [143],
SLAKE [139], and PadChest [136]. The models are evaluated us-
ing conventional linguistic metrics, BLEU-4, ROUGE-L, METEOR, and
BERTScore, as well as clinical relevance metrics like RadGraph F1
[187], CheXbert similarity [194], and the composite RadCliQ score
[20], which combines multiple criteria to reflect the factual correctness
and alignment with clinical knowledge, as illustrated in Fig. 15. Addi-
tionally, classification metrics such as accuracy, precision, recall, and
Fl-score are included for QA-based tasks to provide a broader view of
diagnostic performance. This multifaceted evaluation framework helps
assess the models not only on their NLG quality but also on their
clinical utility and reliability, thereby facilitating informed choices for
downstream medical applications.

5.7. Comparative analysis

Table 12 presents a detailed comparative evaluation of several
state-of-the-art medical VLMs across multiple benchmark datasets, in-
cluding MIMIC-CXR, PadChest, ROCO, and VQA-RAD. These models,
such as LLaVA-Med [209], Med-Flamingo [202], MedViLL [204],
PubMedCLIP [203], RepsNet [206], and others, have been assessed
using a variety of linguistic and clinical metrics to comprehensively
capture their performance in medical image understanding and report
generation tasks.

For NLG and alignment with ground-truth radiology reports, metrics
such as BLEU-4, ROUGE-L, METEOR, and BERTScore are considered.
For instance, MedViLL demonstrates relatively strong performance in
BLEU-4 (7.2), ROUGE-L (25.1), and METEOR (11.3), suggesting ef-
fective report generation capability. LLaVA-Med and Med-Flamingo,
evaluated predominantly on the MIMIC-CXR dataset, show moder-
ate BLEU-4 scores but vary in ROUGE-L and BERTScore, highlighting
different fluency and semantic similarity strengths.

Metrics such as RadGraph F1, CheXbert similarity, and RadCliQ
measure clinical relevance and factual correctness. LLaVA-Med shows
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Table 11

Performance Comparison of Medical VL and QA Models on Various Medical Tasks.
Dataset/Task Metric LLaVA-Med [52] Med-Flamingo [202] PubMedCLIP [203] MedViLL [204] XrayGPT [205] RepsNet [206]
Visual Question Answering
Path-VQA [143] Accuracy 1 0.230 0.241 0.697 - - -
Slake-VQA [139] Accuracy 1 0.288 0.309 0.626 - - -
VQA-RAD (Closed) [207] Accuracy 1 0.545 0.577 0.680 0.658 0.715 0.690
VQA-RAD (Open) [207] Accuracy 1 0.140 0.335 0.442 0.430 0.485 0.460
VQA-RAD [207] F1 Score 1 0.069 0.442 0.510 0.493 0.550 0.533
Medical QA (Text-only)
MedQA [208] Accuracy 1 0.230 0.241 0.697 - - -
MedMCQA [208] Accuracy 1 0.288 0.309 0.626 - - -
PubMedQA [208] Accuracy 1 0.336 0.488 0.800 - - -
Report Generation (MIMIC-CXR)
BLEU-4 1 0.006 0.115 0.192 0.175 0.210 0.198 -
ROUGE-L 1 0.125 0.275 0.354 0.330 0.368 0.345 -
F1-RadGraph 1 0.048 0.267 0.310 0.295 0.322 0.315 -
RadcCliQ | 5.094 3.100 2.810 3.010 2.740 2.860 -
CheXbert Sim. 1 0.150 0.440 0.470 0.460 0.495 0.480 -
Cross-Modal Retrieval (ROCO)
Image— Text R@1 t 0.381 0.412 0.560 0.532 0.595 0.580 -
Text— Image R@1 1 0.365 0.388 0.545 0.510 0.570 0.548 -
Mean Rank | 22.1 19.4 11.2 13.5 10.4 11.0 -

Zero-Shot Classification (PadChest)

Accuracy 1 0.365 0.398 0.528 0.510 0.540 0.525 -
AUC 1 0.621 0.640 0.705 0.689 0.730 0.712 -
F1 Score 1 0.534 0.556 0.620 0.605 0.638 0.625 -
Report Summarization (MIMIC-III)

ROUGE-L 1 0.185 0.320 0.402 0.388 0.415 0.405 -
BLEU-1 1 0.192 0.154 0.260 0.242 0.278 0.264 -
METEOR 1 0.303 0.350 0.410 0.398 0.428 0.415 -

Performance Comparison of Med-VLMs Across Tasks
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Fig. 15. Performance comparison of state-of-the-art Medical Vision-Language Models (Med-VLMs) across multiple tasks including Visual Question Answering
(VQA-RAD), Biomedical QA (PubMedQA), Report Generation (BLEU-4), Cross-modal Retrieval (Image — Text R@1), Zero-shot Classification (PadChest AUC), and
Report Summarization (ROUGE-L).

Table 12

Comprehensive evaluation of Medical VLMs Across multiple datasets.
Model Dataset Accuracy Precision Recall Fl-score BLEU-4 ROUGE-L METEOR BERTScore RadGraph F1 CheXbert Sim. RadCliQ
LLaVA-Med [209] MIMIC-CXR - - - - 5.05 19.13 - 47.51 15.77 23.06 -
Med-Flamingo [202] MIMIC-CXR - - - - 5.17 3.54 3.46 59.12 - - -
MedViLL [204] MIMIC-CXR 84.1 0.698 0.559 0.621 0.066 25.1 11.3 52.4 20.0 25.5 7.5
RepsNet [206] MIMIC-CXR - - - - 0.27 - - - - - -
XrayGPT [210] PadChest - - - - - 0.1997 - - - - -
Visual Med-Alpaca [211] MIMIC-CXR - - - - - - - - - - -
LLaVA-Med [209] VQA-RAD 78.3 75.2 74.5 74.8 - - - - - - -
Med-Flamingo [202] VQA-RAD 79.1 77.0 75.5 76.2 - - - - - - -
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Table 13
Summary of Medical VL Models.

Knowledge-Based Systems 352 (2026) 116901

Model Text Encoder Framework

Datasets

MedViLL [204]
PubMedCLIP [29]
BiomedCLIP [29]
RepsNet [213]

Visual Med-Alpaca [116]
LLaVA-Med [52]
XrayGPT [205]

BERT [78]

CLIP Text Encoder [6]
PubMedBERT [212]
BERT [78]

LLaMA-7B [214]
LLaMA-7B [214]
Vicuna-7B [217]
Med-Flamingo [218] LLaMA-7B [85]
BioViL [219] Transformer

Masked VL Modeling/Contrastive Losses [220] Transformer

ViT-B/16
ResNeXt-101

ResNet-50, BERT
ViT-B/32, ResNet-50

DePlot, Med-GIT

ViT-L/14, BiomedCLIP [29]
MedCLIP [57]
CLIP ViT-L/14
ViT, Transformer
ViT, Transformer

MIMIC-CXR [129], Open-I [181], VQA-RAD [140]

ROCO [127], VQA-RAD [140], SLAKE [139]

VQA-RAD [161], SLAKE [139]

VQA-RAD [161], TU-Xray [181]

PubMedQA [141], MedDialog [215], MEDIQA RQE [216], MedQA [179]
PathVQA [143], VQA-RAD [161], SLAKE [139]

MIMIC-CXR [129], Open-I [181]

MTB [218], PMC-OA [85], PathVQA [143], VQA-RAD [161]
MIMIC-CXR [129], ROCO [127]

MIMIC-CXR [129], ROCO [127]

competitive performance in RadGraph F1 (15.77) and CheXbert simi-
larity (23.06), indicating better alignment with clinical findings in the
reports. However, many models have missing clinical metric values,
reflecting the current gap in standardized clinical evaluation across all
models.

Accuracy, precision, recall, and Fl-score are predominantly re-
ported for VQA tasks on datasets such as VQA-RAD, with LLaVA-
Med and Med-Flamingo achieving accuracy scores of approximately
78%-79%, showcasing their strong ability to interpret medical images
in a QA context.

Notably, several models lack comprehensive reporting across all
metrics and datasets, which points to the need for more systematic,
standardized benchmarking frameworks in medical VL modeling. This
table underscores that while significant progress has been made in
individual linguistic and clinical metrics, further work is needed to
unify evaluation protocols to reliably compare model generalizability
and clinical applicability across diverse medical imaging datasets.

6. Medical models

This review paper section provides an overview of medical VLM
models specifically designed for medical images, as shown in Fig. 18.
The information is arranged sequentially according to each model’s
original introduction in Table 13, and Table 16 presents detailed de-
scriptions of VL models, highlighting their architectural components,
pretraining strategies, and evaluation tasks within the medical domain.
We primarily concentrate on newly released, free, open-source, or
publicly accessible models.

6.1. Medical Vision Language Learner (MedViLL)

MedViLL processes medical pictures to produce associated details
and reports. The model uses ResNet-50 [221], trained on ImageNet
[222], to extract visual features V. It also employs a base BERT [78]
embedding layer to textual features T captured from diagnostic reports,
utilizing a WordPiece tokenizer. The input is segmented into a series of
tokens. The visual and textual characteristics combine locational data
to record the spatial associations and the series of factor arrangements
within the input data. MedViLL applied multimodal representation
input into the BERT model and pretrained it over two main goals,
including masked language modeling (MLM) and image-text matching
(ITM). MLM uses a bidirectional autoregressive self-attention mask to
merge image and text features, and it uses the negative and incorrect
log-likelihood loss function, while the ITM facilitates the training by
forecasting whether pairs match, utilizing a loss function for matching
and non-matching pairs that is based on predictions. Pre-training hap-
pens on 89,395 MIMIC-CXR [129] picture-report pairs and fine-tuning
on 3547 Open-I pairs (focused on AP view X-rays). The VQA and RG
tasks are assessed on VQA-RAD [161], MIMIC-CXR [129], and Open-
I [181] datasets. This model accomplishes a perplexity of 4.185 [145],
a BLEU-4 score of 0.066, and an accuracy of 84.1%, with precision,
recall, and F1 scores of 0.698, 0.559, and 0.621, respectively.
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MedViLL is among the earliest medical VLMs emphasizing radiology
report generation rather than open-ended instruction following. Com-
pared to later models such as PubMedCLIP and BioViL, MedViLL was
trained on a relatively smaller paired dataset (~89k image-text pairs),
which limits its generalization ability when transferred to broader radi-
ology domains beyond chest X-rays. Despite these constraints, MedViLL
represents an important early milestone; its BERT-based MLM and
ITM training pipeline inspired subsequent CL approaches. Its strength
mainly lies in foundational cross-modal alignment rather than high-
level reasoning or retrieval scalability, which later models improved
substantially (see Table 14).

6.2. RepsNet

RepsNet is a model tailored for VQA tasks, with the capability to
understand medical images and produce computerized medical results.
The model exploits a pre-trained BERT [78] as an enhanced type
of the previously trained ResNeXt-101 [223] as the visual and the
textual encoder. The WordPiece is used for text tokenization [224]. The
integration of question and image attributes is accomplished through
the BAN framework [225]. The ResNet [226] uses bidirectional CL to
make textual captions and visual data reliable. The model is refined
and calculated on VQA-RAD for VQA tasks [161]. Meanwhile, the IU-
Xray [181] collection is utilized for RG’s refinement and assessment.
For closed-ended questions, the model classifies responses through clas-
sification, and it makes responses applying an improved GPT-2 decoder
that incorporates image data and prior circumstances. Performance
metrics for RepsNet on the IU-Xray dataset include a BLEU-2 score
of 0.44 and a BLEU-4 score of 0.27, highlighting its effectiveness in
medical RG and image interpretation, as shown in Table 15.

RepsNet is effective for medical VQA due to BAN integration and
GPT-style decoding, enabling question-conditioned response genera-
tion. However, unlike PubMedCLIP or BiomedCLIP, which rely on
large-scale contrastive pretraining, RepsNet does not leverage extensive
multimodal pretraining corpora, resulting in weaker clinical robustness
when dealing with unseen modalities or rare findings. It is more suited
for structured report generation tasks than broad zero-shot retrieval,
making it functionally different rather than directly competing with
contrastive VLMs.

6.3. PubMedCLIP (PMC)

PMC [227] is a CLIP-based model, inspired by the architecture of
CLIP [6] and pre-trained on the ROCO [127] dataset, which includes
over 80,000 Image-label pairs extracted from PubmedClip papers. This
model is split up into three different visual encoders, such as ViT-
B/32 [8], ResNet-50 and ResNet-50 x 4 [221], in addition to a CLIP
text encoder employing the Transformer architecture [228]. PubMed-
CLIP follows a CL methodology during its pre-training phase, creating
unified illustrations by measuring cosine similarity among visual and
textual attributes. Calculating and averaging cross-entropy loss for both
modalities is the aim of pre-training. For VQA, PMC is adapted as
a previously trained visual conversion. This method concatenates the
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Table 14

Strengths, limitations, and clinical implications of vision-language models in medical models.
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Model

Strengths

Limitations

Deployment feasibility

Clinical applicability

LLaVA-Med [52]

Strong visual grounding
and report generation

High computational cost

Moderate (requires
powerful GPU)

Suitable for diagnostic
support and teaching tools

Med-Flamingo
[218]

Flexible multi-task
handling, strong language
reasoning

Large model size and
dependency on few-shot
prompts

Low (requires specialized
infrastructure)

Good for complex question
answering

PubMedCLIP
[29]

Robust image—text
matching

Limited generative ability

High (lightweight
architecture)

Effective for image
retrieval and annotation

MedViLL [204]

Well-aligned
vision-language features
for classification

Limited scalability beyond
chest X-rays

High (compact model)

Effective in radiograph
classification tasks

XrayGPT [205]

Accurate prompt-based
report generation

Sensitive to prompt
phrasing; large model
footprint

Moderate (dependent on
prompt quality)

Useful for automated
reporting and
summarization

RepsNet [213]

Combines retrieval with
generation; boosts

Dependence on external
retrieval corpus

Moderate (needs retrieval
setup)

Suitable for QA and image
captioning

relevance
Visual Instruction-following Limited evaluations and Moderate (custom-tuned Promising for interactive
Med-Alpaca capability; fine-tuned on real-world testing for medical use) diagnosis assistants
[116] medical reports
BiomedCLIP Large-scale contrastive Less effective in free-form High (scalable and Ideal for retrieval and

training; strong
generalization

generation

modular)

image classification

BioViL [219]

Learns robust multimodal
representations; handles
missing modalities via
masking

Requires careful masking
strategy; training
complexity is higher

Moderate (needs custom
pretraining setup)

Promising for joint
classification and retrieval
tasks

Masked VL
Modeling w/
Contrastive

Effective at aligning image
patches with clinical text;
benefits from contrastive

May underperform on
free-form generation;
sensitive to mask ratios

Moderate (custom
pretraining and fine-tuning
required)

Useful for disease
localization and multi-label
classification

Losses [220] objectives

result of the method with the results from a convolutional denoising
autoencoder (CDAE) [229], which functions to serve as a module for
image denoising as illustrated in Fig. 16. The query is first encoded with
GloVe embeddings [230] and processed via an LSTM [231]. Bilinear
attention networks (BAN) are utilized to integrate the characteristics
of the image and question [225]. The output data is then input into
a two-layer FFN to predict the answer. The classification [232] and
reconstruction image losses are combined in the VQA loss. Fine-tuning
is done on the SLAKE (English) [139] and VQA-RAD [161] datasets,
including open- and closed-ended questions. PMC’s performance is
evaluated relative to two established Medical VQA (MedVQA) methods:
Medical Enhanced Visual Features (MEVF) [233], which makes use
of Question-Conditioned Reasoning (QCR) [234], and improved visual
and graphical attributes, which focus on question-conditioned reason-
ing. When replacing the visual encoder components in both frameworks
with PMC, the model demonstrates improved correctness on the SLAKE
and VQA-RAD collections within the QCR background, achieving better
results than in the MEVF architecture. PMC consistently achieves the
topmost precision within the QCR structure across these datasets.

PMC improves retrieval and VQA performance over earlier systems
like MedViLL due to dual-encoder contrastive learning. However, its
pretraining dataset (80k ROCO pairs) remains significantly smaller
than BiomedCLIP (~15M), limiting its capability for rare disease rea-
soning and domain transfer. PMC performs well in multimodal un-
derstanding but lacks the generative ability found in LLaVA-Med and
XrayGPT, meaning it is more aligned with representation learning than
interactive clinical dialogue or free-form reporting [235].

6.4. Visual Med-Alpaca

Visual Med-Alpaca is a specialized medical foundation model devel-
oped to handle diverse multidimensional biomedical tasks, including
VQA [116]. Its architecture is structured as follows: Primarily, a classi-
fier is utilized to identify the module that suitable component converts
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visual data into an intermediary text representation from image inputs.
DePlot [236], which specializes in analyzing charts and graphs, and
Med-GIT [237], fine-tuned using the ROCO dataset [127] to efficiently
interpret radiology images, are two of the supported modules. A prompt
manager then integrates the text extracted from the visual modules
with user-provided textual inputs to formulate a comprehensive prompt
for the LLaMA-7B model [214]. Prior to generating outputs, LLaMA-7B
undergoes rigorous fine-tuning, including both traditional methods and
LoRA [115] adjustment, using 54,000 medical QA pairs from a carefully
selected dataset. This set’s questions are obtained from QA datasets
including PubMedQA [141], MedDialog [215], MEDIQA QA, MEDIQA
RQE [216], and MedQA [179]. The corresponding answers are gener-
ated using GPT-3.5-Turbo through a self-instruction approach [238].
To ensure accuracy and relevance, human experts carefully review
and refine the question-answer pairs. Although the model’s evaluation
is still underway, its creation shows an important advancement in
biomedical artificial intelligence [116].

Unlike encoder-centric models such as PMC or BiomedCLIP, Med-
Alpaca emphasizes instruction-tuned interactive reasoning. It is capable
of multi-step medical question answering and conversational inter-
action, yet its visual grounding heavily relies on models like Med-
GIT/DePlot. As a result, Med-Alpaca is more patient-chat-oriented and
less image-understanding-centric compared to BioViL. It is useful for
clinical assistant-style communication but not as strong for pure visual
feature alignment.

6.5. BiomedCLIP

BiomedCLIP is a specialized model pre-processed on the 15 PMC
dataset, comprising 15M figure-label pairs extracted from Pubmedclip
research papers [29]. However, the model is not openly accessible.
Its framework closely mirrors that of CLIP [6], with its pre-learned
PubMedBERT model text encoder helping as a key distinction [212]
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Fig. 16. (A) Summary of the PubMedCLIP pre-training method. (B) Diagram of the MedVQA backbone with the PubMedCLIP encoder.

that employs the Word Piece tokenizer [224]. For visual data encod-
ing, the model uses ViT-B/16 [8]. During pre-training, BiomedCLIP
leverages a CL approach while optimizing memory usage through the
use of particle contrastive loss [239]. To adapt the model for VQA
tasks, integrate the METER framework [240], which employs a co-
attention multimodal fusion component based on Transformers. This
module generates multimodal embeddings that are subsequently passed
to a classifier for answer prediction. The model’s performance is eval-
uated on two datasets: VQA-RAD [161] and SLAKE (English) [139],
demonstrating its utility in biomedical VQA tasks, as shown in Fig.
17. The top-1 results in BiomedCLIP are correct more than 56% of
the time, while the top-5 results contain the correct ones more than
77%. Despite the biomedical modification, PubMedCLIP [241] per-
forms even worse than CLIP, which surprised us. This is a result of the
training data that PubMedCLIP utilized. Even though PubMedCLIP was
named after PubMed, it only utilized a small subset of image-text pairs
from radiology, which comprise a small percentage of images in the
biomedical literature, for continuous pretraining of CLIP. Furthermore,
catastrophic forgetting may occur if continuous pretraining on a small
dataset is done carelessly (e.g., by augmenting with a pretraining
aim) [242]. The significance of using a large and diverse dataset for
domain-specific VLM is further demonstrated by the excellent per-
formance of BiomedCLIP, which pre-trains on large-scale data from
PMC-15 M.

BiomedCLIP leverages one of the largest biomedical image-text
corpora (15M pairs), providing a substantial advantage in zero-shot re-
trieval and cross-institution generalization. It consistently outperforms
earlier models like PMC in semantic alignment and downstream trans-
fer tasks. However, limited public release and partial training accessi-
bility hinder full reproducibility and clinical deployment. While excel-
lent for medical representation learning, it does not natively generate
reports like XrayGPT-based LLM hybrids.

6.6. XrayGPT

XrayGPT is an interactive medical and clinical VLM designed for
interpreting chest X-ray images [205]. The model applies the vision
encoder MedCLIP [57] to derive visual characteristics. These char-
acteristics pass through a comprehensive conversion: using a linear
transformation layer, they are primarily reduced in dimension through

M BiomedCLIP M PubMedCLIP & CLIP

A VQA-RAD B Slake
o 8 800 794 T w0
g 2 R = 27 721 13 s w3 025 g0 .,
> 6 o0 s 784 756 801 795
5 70 1
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< 5 | | | || | & | | || | |
Open Closed Overall Open Closed Overall
C D F
i «
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Are three multiple or what are hyper densities What is the patient’s
just 1 metastatic on the periphery of the biological sex?
focus? image?
Answer: One Ribs Female
QcR: % x x
PubMedCLIP: x x x
BiomedCLIP: X Ribsv Femalev

Fig. 17. Performance evaluation of medical image-based questioning and
answering: (A) Evaluation of accuracy in three distinct places using the Slake
and VQA-RAD datasets: Closed (multiple options, often yes/no) and Open-
ended (free-form replies). (B) Three challenging VQA-RAD examples that were
taken from the PubMedCLIP paper [241], and in which earlier VQA models
such as PubMedCLIP (the former state-of-the-art), failed to provide correct
answers. (C) and (D) showcase BiomedCLIP correctly answering the questions.
While its response to (B) is not technically accurate, it accurately recognizes
that the center of metastatic disease is the liver (visible on the CT Scan’s right

side).
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Fig. 18. Pipeline of Vision-Language
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Retrieved Image

Models (VLMs) in Medical Imaging. The

architecture illustrates how medical images and clinical text are encoded via
visual and textual encoders, followed by fusion and reasoning modules to
perform tasks like VQA, captioning, or diagnosis.
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Fig. 19. LLaVA-Med was built by initializing with the general-domain LLaVA and further training it using a curriculum learning approach. This process involved
two stages: first, aligning biomedical concepts, followed by comprehensive instruction tuning. The LLaVA-Med model was assessed on benchmark tasks, such as

visual conversation and question answering.

a linear projection head and then converted into elements. The ar-
chitecture merges two key written inquiries to guide its functionality:
(1) assistant query contextualizes the model’s role with the prompt.
“You are a reliable virtual assistant committed to enhancing medi-
cal decision-making” (2). The query of the doctor directs the model
to provide information specific to chest X-ray analysis. The visual
tokens are combined with segmented prompts and provided into a
medical LM, summarizing the chest X-ray findings. The underlying LM
is Vicuna-7B [217], improved on a wide dataset comprising 100,000
actual patient-doctor interactions and 20,000 medical images focused
on communication obtained from ShareGPT.com. While the parameters
of the LLM and visual encoders remain constant throughout training,
the parameters in the linear mapping layer are updated. Initially, the
pre-processed MIMIC-CXR data collection [129], consisting of 213,514
picture annotation sets, was employed to train the model. Furthermore,
3000 visual labeled sets sourced from the Open-I [181] data collec-
tion were utilized. The MIMICCXR dataset yields ROUGE-L = 0.1997,
ROUGE-1 = 0.3213, and ROUGE-2 = 0.0912 for XrayGPT, displaying its
capability to generate precise and meaningful chest X-ray summaries.

In contrast to encoder-only models (PMC, BiomedCLIP), XrayGPT
integrates Vicuna-7B for multimodal reasoning and radiology-style re-
port generation. It enables interactive clinical dialogue and summa-
rization, providing interpretability beyond retrieval. However, its train-
ing is focused primarily on CXR data, restricting scalability to multi-
organ imaging domains unless fine-tuned. While more conversationally
capable, it lacks the broad domain coverage of general VLMs like
LLaVA-Med.

6.7. Large language and vision assistant for BioMedicine (LLaVa-Med)

LLaVa-Med is a VLM LLaVa [93] modified version that was partic-
ularly created for the medical field by applying instruction-following
datasets [52] for training. It generates visual Specifications using the
pre-learned [6] visual encoder ViT-L/14 [8], which can also be substi-
tuted with BiomedCLIP [29], for enhanced biomedical domain align-
ment. These visual characteristics are converted into tokens via a linear
projection layer, and tokenized directions are then added. The resulting
tokens are then processed by the LLaMa-7B [214] language model,
which can also be replaced with Vicuna [217]. As illustrated in Fig.
19, after starting with the general-purpose LLaVA, the model is refined
through a process called curriculum learning. Initially, the focus is
on helping the model establish connections between visual features in
biomedical images and corresponding textual descriptions [128] stored
in the language knowledge base model. The 15 million PMC dataset,
which was first used to train BiomedCLIP, contains 600,000 image-
caption pairs, which are employed to accomplish this. When these
pairs are converted into a task-specific dataset, the model is guided to
provide a brief or comprehensive label for the image. The purpose is
to make the model into the original caption when presented with the
image and language instructions.

In this phase, only the linear projection layer is modified; the
language model and visual encoder stay identical. The next phase of
training emphasizes the model alignment to handle a wide range of
instructions effectively. During the training phase, 60,000 photos are
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used to train the model, each paired with its corresponding label and
multiple rounds of QA. During this phase, the visual weights encoder
is kept static to retain previously learned visual features, while the LM
weights and projection layer are actively updated. This type of strategy
makes the model more capable of processing various instructions and
producing detailed, contextually accurate multi-round conversational
outputs. Finally, many visual question-answering standards are em-
ployed to improve and assess the model, including VQA-RAD [161],
SLAKE [139], and PathVQA [143].

LLaVA-Med extends the general LLaVA architecture using
curriculum-based medical instruction tuning. It supports multi-round
medical conversation and multi-task reasoning, providing broader util-
ity than PMC or BiomedCLIP for real-world clinical assistant settings.
However, hallucination control is still a challenge, and trustworthy
grounding is weaker compared with contrastive pipelines like BioViL.
It excels in clinical pre-diagnostic discussion scenarios rather than strict
retrieval-based tasks.

6.8. BioViL

BioViL is a biomedical VL model created for tasks that combine
medical images and text. The model uses a vision encoder, usually
based on CLIP or ViT, to derive visual characteristics from biomed-
ical images. These visual features are associated with text features
made by a language encoder, including BioBERT or PubMedBERT,
through a shared latent space employing CL techniques [6,155]. BioViL
is pre-trained on large-scale biomedical datasets, including PMC-OA
(1.3 million image-text pairs) and MIMIC-CXR, ensuring its ability to
comprehend medical terminology and visual patterns [85,132]. The
training procedure contains multimodal alignment to carry connected
image-text pairs nearer in representation space while separating un-
connected pairs, enhancing multimodal representation learning [107,
243]. BioViL is mostly effective in tasks that include medical im-
age captioning, VQA, and text-based image retrieval. For instance,
it signifies robust performance on datasets like VQA-RAD [161] and
PathVQA [143]. By leveraging its domain-specific pretraining, BioViL
helps multimodal reasoning, allowing it to tackle intricate medical
circumstances with incomplete labeled data, making it a valuable tool
for biomedical AI applications [57,155].

BioViL improves cross-modal alignment more effectively than
MedViLL using contrastive pretraining on a large biomedical corpus. It
demonstrates superior retrieval and VQA accuracy with better semantic
grounding. However, like most encoder-only methods, BioViL lacks na-
tive long-form report generation ability, which models like XrayGPT or
Med-Flamingo address. BioViL is ideal for representation and ground-
ing tasks but requires integration with an LLM for conversational or
narrative generation [244].

6.9. Masked VL Modeling with Contrastive Losses

Masked VL Modeling with Contrastive Losses employs the primary
six layers of BERT [78] for text encoding, the ViT-B/12 [8] for im-
age encoding, and the final six layers of BERT for cross-models en-
coding [13]. The cross-model encoder arranges textual and visual



G.E. Arzu et al.

Knowledge-Based Systems 352 (2026) 116901

Table 15
Computational and performance comparison of Medical VL Models.
Model Parameters (B) FLOPs (T) Pretraining dataset size Inference speed  Performance highlights
MedViLL [204] 0.35 50 MIMIC-CXR (377k images) 25 ms/image Accuracy: 84.1%, BLEU-4: 0.066
PubMedCLIP [29] 0.43 60 ROCO (81k images) 30 ms/image Improved QCR Accuracy
BiomedCLIP [29] 0.46 65 PMC-15M (15 M image-text pairs) 28 ms/image Optimized Contrastive Loss
RepsNet [213] 0.55 70 VQA-RAD (3.5k images) 22 ms/image BLEU-4: 0.27, BLEU-2: 0.44
Visual Med-Alpaca [116] 7.0 - ROCO, PubMedQA - Ongoing Evaluation
LLaVA-Med [52] 15.0 200 PMC, VQA-RAD 40 ms/image ROUGE-L: 0.1997
XrayGPT [205] 13.0 180 MIMIC-CXR (377k images) 35 ms/image ROUGE-1: 0.3213
Med-Flamingo [218] 14.0 210 MTB, PMC-OA 45 ms/image PathVQA: 0.303
BioViL [219] 0.50 80 PMC-15M (15 M pairs), MIMIC-CXR 30 ms/image Top-1 accuracy (VQA): 65% (approx.)
Masked VL Modeling w/ Contrastive 0.50 80 PMC-15M (15 M pairs), MIMIC-CXR 30 ms/image Multi-label classification F1: 0.58 (approx.)

Losses [220]

characteristics by using cross-attention layers. The model applies CL,
MLM, and ITM objectives in incorporation for pre-training. More-
over, the model uses a recently presented masked image approach,
which expands data by arbitrarily masking 25% of image areas. The
model is disclosed to a wider range of visual contexts with the help
of this method, which improves its capacity to learn robust repre-
sentations that can process partially blocked inputs. The pre-training
process utilizes data from the ROCO [6], MedICaT [51], and ImageCLEF
caption [245] datasets. For downstream VQA tasks, the cross-modal en-
coder is supplemented with an answering decoder to make answer text
words. After pretraining, the encoder weights are established, and the
model is modified and measured using PathVQA [143], SLAKE [139],
and [161]. These evaluations underscore the model’s effectiveness in
addressing medical VQA tasks.

This approach merges MLM and ITM with contrastive objectives,
improving robustness under missing or partially masked visual cues, an
area where MedViLL struggled. It performs competitively in multimodal
alignment tasks, though training scale remains mid-range relative to
BiomedCLIP or LLaVA-Med, leading to moderate performance in heavy
generalization or cross-domain transfer scenarios. Suitable for balanced
visual-text learning but less scalable than ultra-large paired corpora
approaches.

6.10. Med-Flamingo

Med-Flamingo is a cross-modal small-data trainee approach made
for the medical field based on the Flamingo [246] framework. The
MTB [218] dataset is employed to pre-train the model. It encompasses
4721 s tions with text and images from diverse medical textbooks, with
at least one and up to ten images per segment. Moreover, the PMC-
OA [85] data collection comprises 1.3 million image-description pairs
applied to train Med-Flamingo. Its few-shot abilities allow it to simplify
various multimodal tasks with a minimal instance. Using perceiver
resamples, trained from scratch, is utilized for the conversion of the
graphical attributes into a predetermined number of elements. The
model mentioned uses a constant CLIP ViT-L/14 vision encoder for the
extraction of visual characteristics. A pre-trained LLaMA-7B [85] LLM
is improved with fenced cross-attention layers and taught to handle
these tokens and tokenized text prompts from the beginning. This setup
enhances training stability and the model’s ability to learn new asso-
ciations. The performance of Med-Flamingo is calculated using several
recognized standards, including PathVQA [143] and VQA-RAD [161].
It shows a few-shot performance, with perfect match scores of 0.3030
on PathVQA and 0.2000 on VQA-RAD. Nevertheless, its zero-shot ef-
fectiveness outcomes are an ideal match of 0.12 on PathVQA and 0.00
on VQA-RAD.

Med-Flamingo is among the strongest few-shot biomedical mod-
els, often outperforming fully supervised systems when only limited
data is available. It excels in reasoning-driven tasks and interactive
clinical explanation. However, its zero-shot capability is weaker, mak-
ing it prompt-dependent. Compared with PubMedCLIP, Med-Flamingo
is more reasoning-oriented, whereas its visual grounding is still less
robust than contrastive models such as BioViL.
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7. Model explainability and visualization techniques

7.1. Interpreting and visualizing VLM decisions

In medical applications, model performance alone is not sufficient;
explainability is crucial to build trust among clinicians, ensure ac-
countability, and support human-in-the-loop decision-making. VLMs,
despite their remarkable performance, are often perceived as black-box
systems due to their complex internal mechanisms that are difficult to
interpret. This presents a significant barrier to clinical adoption, espe-
cially in high-stakes scenarios such as disease diagnosis or treatment
recommendation, where transparency is essential to avoid misdiag-
nosis, gain regulatory approval (e.g., FDA, EU AI Act), and maintain
clinician trust [247]. To address this, several explainability techniques
have been adapted from general computer vision to the biomedical
domain. One such method is Gradient-weighted Class Activation
Mapping (Grad-CAM) [248], which highlights the regions in an image
that most strongly influence the model’s prediction. In VLMs, Grad-
CAM can be extended to link image regions with text tokens, offering
insights into how multimodal components interact. Similarly, attention
maps derived from transformer architectures reveal the attention flow
between image patches and textual queries [249], helping to decode
the cross-modal reasoning process.

Additionally, saliency visualization techniques are used to high-
light which parts of an image contribute most to a particular output
prediction. These techniques, such as integrated gradients or occlusion
sensitivity, are being adapted to multimodal settings [250]. Token-
to-region attribution methods used in models like CLIP and BioViL
attribute the influence of specific words or phrases in the prompt
to image regions, enabling fine-grained interpretability for tasks such
as lesion localization and report generation [57,251]. Other visual
explanation tools include relevance heatmaps and saliency maps [252],
which identify image areas that significantly impact the model’s output
in tasks like VQA [155]. Beyond visual cues, some VLMs have been ex-
tended to produce textual justifications alongside predictions [253], al-
lowing clinicians to evaluate the reasoning behind automated decisions.
Moreover, model-agnostic interpretation tools such as LIME [254] and
SHAP [255], though originally developed for tabular and textual data,
are being explored for multimodal adaptation to provide interpretable
outputs in medical decision support systems.

Despite these advancements, challenges remain. The inherently
complex interactions between vision and language components, the
limited availability of benchmark datasets with human-annotated ratio-
nales, and the absence of standard metrics for evaluating explanation
quality all hinder progress. Future research should focus on designing
robust explainability frameworks tailored to clinical workflows, devel-
oping datasets with ground-truth rationales, and building interactive
tools that allow end-users, clinicians in particular, to probe and validate
model decisions in real time.
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Table 16
Overview of vision-language models: architectures, pretraining strategies, and evaluation tasks.
Model Visual encoder Text encoder Dataset(s) Pretraining/Fine-tuning Fusion Eval tasks
LLaVA-Med ViT-L/14 LLaMA-7B PMC, MIMIC-CXR, VQA-RAD, Visual instruction Early fusion VQA
SLAKE tuning
Med-Flamingo CLIP ViT-G/14 LLaMA-7B VQA-RAD, MedMCQA, MTB, Few-shot tuning Late fusion Few-shot
(Frozen) PMC-OA, PathVQA VQA
PubMedCLIP ResNet, CLIP PubMed, PMC-OA, ROCO, Contrastive learning CLIP-style VQA
ViT-B/32 Transformer SLAKE, VQA-RAD
Medical Vision Language ResNet-50 BERT MIMIC-CXR, Open-I Joint V4L pretraining Early fusion VQA, Report
Learner (MedViLL) Gen (RG)
XrayGPT MedCLIP Vicuna-7B MIMIC-CXR, Open-I GPT fine-tuning on Prompt Chest X-ray
reports fusion VQA
RepsNet ResNeXt-101, BERT, MIMIC, VQA-RAD, IU-Xray Report-based learning Hybrid fusion VQA, RG
ViT Transformer
Visual Med-Alpaca DePlot, ViT Alpaca (LLaMA) ROCO, PubMedQA Visual instruction + Early fusion VQA
report tuning
BiomedCLIP ResNet-50x, PubMedBERT PubMed, PMC-OA, MIMIC, Contrastive pretraining CLIP-style VQA
ViT-B/16 VQA-RAD, SLAKE
BioViL. (Masked V+L ViT Transformer MIMIC-CXR, ROCO Masked modeling + Early Fusion VQA,
Modeling with Contrastive Contrastive Loss Classification
Losses)
Masked VL Modeling with ViT Transformer MIMIC-CXR, ROCO Masked modeling + Early Fusion VQA,
Contrastive Losses Contrastive Loss Classification

8. Ethical and legal considerations in medical VLMs

The deployment of VLMs in medical settings necessitates rigorous
attention to ethical and legal responsibilities, especially concerning
patient privacy, data ownership, and algorithmic fairness. Medical
data [256] is highly sensitive, and improper use or storage may violate
regulations such as the Health Insurance Portability and Accountability
Act (HIPAA) in the United States or the General Data Protection Regu-
lation (GDPR) in Europe. Ensuring data anonymization, secure storage,
and controlled access are foundational to ethical compliance [257]. In
addition, approaches including FL and differential privacy are being ex-
plored to enable AI model training without directly exposing sensitive
patient data [258].

Moreover, questions of data ownership, whether patients, hospitals,
or third-party Al developers control the data, remain a gray area that
requires clearer policies and informed consent practices [259,260].
The complexity increases when data is shared across institutions or
countries, necessitating harmonized legal frameworks to prevent mis-
use and protect patient rights [261,262]. Algorithmic bias is another
critical concern, as VLMs trained on non-representative or imbalanced
datasets may yield unequal outcomes across patient demographics, po-
tentially exacerbating health disparities [263]. Ethical Al development
requires continuous bias auditing and mitigation strategies, including
diverse data collection, fairness-aware model design, and transparency
regarding model limitations [264].

Regulatory compliance must also be maintained throughout the
model lifecycle, including requirements for model auditability, valida-
tion, and post-deployment monitoring to detect performance degrada-
tion or unintended consequences [265]. Ethical frameworks such as
the EU AI Act and guidelines from the World Health Organization
emphasize human oversight, transparency, and explainability as key
principles in Al-driven healthcare [266,267]. Furthermore, the psy-
chological impact on patients and clinicians should be considered,
as overreliance on Al systems or opaque decision-making processes
can undermine clinical judgment and patient autonomy [268]. The
integration of VLMs should support collaborative human-Al interaction,
ensuring that final clinical decisions remain with qualified healthcare
professionals.

Future research should not only focus on improving model accuracy
but also on embedding ethical safeguards to ensure patient trust, legal
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accountability, and responsible innovation. This includes developing
standardized protocols for ethical Al development, promoting inter-
disciplinary collaboration between technologists, clinicians, ethicists,
and legal experts, and fostering public engagement to shape socially
acceptable Al healthcare applications [269-271].

8.1. Barriers and opportunities for clinical adoption of medical VLMs

Despite the remarkable advancements of VLMs in medical imaging
and diagnostics, their adoption in actual hospital settings remains
limited. Translating these models from research labs into real-world
clinical practice involves a complex interplay of technical, regula-
tory, and human-centered challenges that are often underexplored in
academic studies [247].

Workflow Integration. Clinical environments operate on tightly
regulated workflows involving Picture Archiving and Communication
Systems (PACS), Radiology Information Systems (RIS), and Electronic
Medical Records (EMRs). Integrating VLMs into these systems requires
robust interoperability and real-time processing to avoid disrupting
existing practices. For example, models like BioViL have demonstrated
effectiveness in generating radiology report impressions, but these
results are often based on retrospective datasets [272]. To be clinically
useful, VLMs must function reliably within hospital IT infrastructure
and support clinicians without increasing their workload [273].

Limited Real-World Trials. Very few VLMs have progressed be-
yond the research phase to clinical pilot studies. Notably, BioViL has
seen exploratory use in teaching hospitals, and LLaVA-Med has been
applied in interactive diagnostic tools for medical education [272].
However, these deployments typically occur in sandboxed or con-
trolled environments rather than in routine care settings. Comprehen-
sive evaluations involving prospective trials, patient data variability,
and clinician feedback are essential to validate their effectiveness under
real-world conditions [265].

Regulatory and Legal Challenges. Gaining regulatory approval
for clinical deployment remains a major hurdle. Agencies such as the
U.S. Food and Drug Administration (FDA) and the European Medicines
Agency (EMA) require rigorous validation, transparency, and explain-
ability before approving Al systems for clinical use [267]. Although
some image classification and segmentation models have received
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clearance [228], VLMs, due to their multimodal and generative na-
ture, lack standard approval pathways. As of mid-2025, no major
medical VLM has received FDA or EMA certification for diagnostic
deployment [266].

Trust and Human-in-the-Loop Design. Clinician acceptance is
another key factor. Studies show that clinicians are hesitant to rely
on black-box Al systems, especially in high-stakes scenarios like cancer
diagnosis or surgical planning [268]. Tools that provide interpretable
outputs, via visual methods such as Grad-CAM or attention heatmaps,
or through textual justifications, are more likely to be adopted [248,
253]. Ensuring that VLMs support, rather than replace, clinical judg-
ment is crucial to building trust and facilitating responsible human-AI
collaboration [269].

Infrastructure and Security Constraints. Many hospitals lack the
computational infrastructure to support real-time inference from large
VLMs, especially in low-resource or rural settings [257]. These mod-
els typically require GPU acceleration or high-performance computing
clusters [274]. Moreover, strict data privacy regulations (such as HIPAA
and GDPR) often prevent the use of cloud-based services for medical
inference, demanding secure, on-premise solutions [261,275]. This
creates a significant barrier to scalable deployment across diverse
healthcare systems.

Path Forward. Bridging the gap between research and clinical
adoption requires collaborative development between Al researchers,
clinicians, hospital administrators, and regulatory experts [269,271].
Future efforts should prioritize lightweight, explainable, and
regulation-ready VLMs [276]. Furthermore, investing in prospective
clinical trials, benchmarking tools that assess model impact on di-
agnostic accuracy and workflow efficiency, and designing real-time,
user-friendly interfaces will accelerate their integration into healthcare
practice [265,267].

9. Current challenges and future trends

The integration of language models (LMs) into healthcare has the
potential to revolutionize patient care, diagnostics, and treatment plan-
ning. However, several significant challenges [277] must be addressed
to fully realize this potential and ensure safe, effective deployment in
clinical settings.

1. High-quality and large-scale medical datasets are not readily
available. One major hurdle in developing robust medical VLMs is the
limited availability of large, high-quality medical and clinical datasets.
This scarcity impedes thorough training, reducing the models’ effective-
ness, especially in handling complex or rare clinical scenarios [218]. A
promising solution to this limitation is the use of large context windows
and retrieval-augmented generation (RAG). By expanding the model’s
context through relevant, retrieved information, RAG can enhance per-
formance in real-world applications [278]. Investigating pre-training
within the RAG architecture provides an exciting research direction,
offering increased resilience and flexibility for VLMs, particularly in
novel medical cases.

2. Patient data privacy concerns during model training. Main-
taining patient confidentiality while utilizing large-scale datasets is a
critical concern. FL addresses this by enabling decentralized training
across multiple data holders, ensuring sensitive data remains local and
secure [279,280]. In FL, models are trained across institutions, sharing
only model weights rather than raw data, addressing privacy concerns
while supporting training on diverse datasets.

3. Inadequacy of traditional evaluation metrics for clinical
tasks. Traditional evaluation metrics often do not capture the com-
plexities of clinical language, making it difficult to reliably assess VLM
performance [196]. This is particularly problematic when evaluating
the precision of medical results or answering open-ended medical ques-
tions. To overcome this, developing and adopting specialized metrics
tailored to medical VQA and RG is essential. These metrics would assess
not only efficiency but also characteristics like effectiveness, stability,
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and adaptability. Establishing these evaluation standards is crucial for
precise assessments and driving continuous improvements in medical
VLMs.

4. Risk of hallucinations and misalignment in generated out-
puts. Artifacts where VLMs produce outputs unrelated to the input
data or deviate from the intended information pose a significant risk
in medical applications. These artifacts can lead to incorrect diagnoses
or inappropriate treatment suggestions, which could have serious con-
sequences. Misalignment between visual and textual data is a key factor
contributing to hallucinations [281]. Addressing this requires better
alignment of these modalities. For example, models such as LLaVA-
RLHF [281] have made strides by using reinforcement learning from
human feedback (RLHF) to improve modality alignment. Further re-
search in this area is crucial to minimize hallucination risks and ensure
medical VLMs generate outputs based on factual medical knowledge.

5. Catastrophic forgetting during continual learning. Catas-
trophic forgetting remains a critical challenge in VLM development
[282,283]. This occurs when a model, while learning new data, unin-
tentionally erases or distorts previously acquired knowledge, reducing
overall performance. Balancing fine-tuning is key, too much fine-tuning
can exacerbate forgetting, while moderate fine-tuning allows adapta-
tion without loss of previous knowledge [278]. Continual learning ap-
proaches offer a promising solution by enabling VLMs to adapt to new
data without forgetting prior knowledge. Integrating adapters within
this framework can provide task-specific adaptations while preserving
foundational knowledge, helping mitigate catastrophic forgetting [283—
286].

6. Need for interdisciplinary collaboration and ethical deploy-
ment. The clinical validation and adoption of VLMs requires strong
coordination between AI/ML researchers and healthcare professionals.
Ethical implementation is critical to building trust [287], aligning
models with clinical needs, and ensuring effective integration into
healthcare systems. Fostering collaborative partnerships between tech-
nologists and medical experts will be key to responsibly deploying
VLMs and ensuring their positive impact on healthcare outcomes.

Future research directions. Addressing these challenges makes
it possible to create more reliable, effective, and safe medical VLMs.
Future advancements should focus on the following strategies:

1. Develop and adopt specialized metrics for evaluating medical
VLM performance.

2. Investigate pre-training within the RAG architecture to im-
prove model resilience and flexibility.

3. Explore federated learning to secure patient privacy while en-
abling collaborative training across decentralized data sources.

4. Align visual and textual data effectively to reduce hallucina-
tions and ensure medically accurate outputs.

5. Leverage continual learning approaches to prevent
catastrophic forgetting while allowing models to adapt to new
tasks.
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