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Abstract: Medical Visual Question Answering (Med-VQA) faces significant limitations in application
development due to sparse and challenging data acquisition. Existing approaches focus on multi-
modal learning to equip models with medical image inference and natural language understanding,
but this worsens data scarcity in Med-VQA, hindering clinical application and advancement. This
paper proposes the ITLTA framework for Med-VQA, designed based on field requirements. ITLTA
combines multi-label learning of medical images with the language understanding and reasoning
capabilities of large language models (LLMs) to achieve zero-shot learning, meeting natural lan-
guage module needs without end-to-end training. This approach reduces deployment costs and
training data requirements, allowing LLMs to function as flexible, plug-and-play modules. To
enhance multi-label classification accuracy, the framework uses external medical image data for
pretraining, integrated with a joint feature and label attention mechanism. This configuration en-
sures robust performance and applicability, even with limited data. Additionally, the framework
clarifies the decision-making process for visual labels and question prompts, enhancing the inter-
pretability of Med-VQA. Validated on the VQA-Med 2019 dataset, our method demonstrates superior
effectiveness compared to existing methods, confirming its outstanding performance for enhanced
clinical applications.

Keywords: medical visual question answering (Med-VQA); large language models (LLMs); multi-
label learning; attention mechanisms; zero-shot learning

1. Introduction

Visual Question Answering (VQA) is an interdisciplinary task combining computer
vision and natural language processing, where models utilize relevant documents, images,
and questions to predict answers to given questions. VQA has been successfully applied in
various fields such as search engines and chatbots [1]. However, in specialized domains
like biomedicine, VQA systems are rarely used due to numerous constraints [2]. With the
rapid development of digital medicine and artificial intelligence technologies, Medical
Visual Question Answering (Med-VQA) has emerged as a cutting-edge topic in the fields
of computer vision and medical research. Med-VQA aims to automatically answer clinical
questions related to medical images by analyzing these images in conjunction with natural
language processing techniques. Its goal is to enable computers to construct a multi-modal
intelligent system oriented towards medical information, learning from medical images
and texts to address clinical diagnostic queries. At a time when medical resources and
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expertise are scarce, the clinical application of Med-VQA systems can aid in the assessment
and interpretation of clinical diagnoses, playing a crucial role in the advancement of clinical
diagnostics [3]. Despite its significant potential, the practical application of Med-VQA faces
many challenges, notably the scarcity and difficulty in accessing high-quality medical data,
which severely impedes the development of Med-VQA in clinical settings [4].

Current research in Med-VQA predominantly focuses on leveraging deep learning
technologies to integrate medical images with associated textual data [5]. This multi-modal
approach is designed to equip computer models with the ability to concurrently interpret
visual information from images and process related textual data. However, achieving
high accuracy with this method generally necessitates extensive, precisely annotated train-
ing datasets, which presents significant challenges in the medical field. These challenges
stem from the high costs and complex ethical and privacy concerns involved in collecting
medical-grade annotated data. Furthermore, existing Med-VQA systems frequently rely
on end-to-end training strategies, resulting in models with limited interpretability, a crit-
ical drawback in clinical settings. Consequently, there is a pressing need for innovative
solutions that effectively address data scarcity and can be swiftly implemented in clinical
environments while maintaining transparency in the model’s decision-making processes.

The Image to Label to Answer (ITLTA) framework proposed in this paper is specifically
designed to address the aforementioned challenges. ITLTA significantly reduces its reliance
on large-scale Med-VQA data by decomposing the Med-VQA task into two stages: multi-
label learning for images and label-based question answering. This is achieved through
a pretraining strategy that utilizes easily accessible medical image data. To enhance the
model’s capability in extracting features from medical images and improve the performance
of feature extraction algorithms on specialized medical data, we initially utilize more easily
accessible medical image data for multitask learning pretraining. This is particularly critical
when applying Med-VQA in scenarios with scarce data. Subsequently, we develop a
joint feature and label attention mechanism that performs cross-modal correlation learning
between image feature information and label embeddings, integrating multi-regional image
features deeply into label embeddings. During this process, the module also conducts
semantic co-occurrence learning among labels, thus facilitating the multi-label classification
of medical images in terms of modality, organs, and abnormalities. Furthermore, the
framework leverages the powerful language understanding and processing capabilities of
large language models to comprehend and respond to medical natural language questions
through zero-shot learning, thereby circumventing the need for complex end-to-end model
training. Empirical validation on the VQA-Med 2019 dataset [6] has demonstrated excellent
results, confirming the effectiveness of our approach.

This study not only advances the development of Med-VQA technology but also
holds significant importance and value in promoting its application in actual clinical
settings. We hope that this research can provide a new perspective and framework for
future applications of Med-VQA.

2. Related Work

In 2018, Hasan and colleagues systematically introduced their research on Med-VQA at
the CLEF conference, presenting the foundational dataset VQA-Med2018 and establishing
guidelines for related research and data [7]. The structure of Med-VQA models is similar to
that of general-domain visual question answering, involving the extraction of multi-modal
features, feature fusion, and ultimately, answer prediction [8]. These processes are based
on known classifications of questions within the medical QA dataset, where the content
of questions must be directly related to the information in the images, and closed-domain
questions do not rely on unrelated external information for inference. Building on existing
visual question-answering models, subsequent research has been tailored to medical data.
For instance, Peng and others utilized the ResNet-152 for transfer learning to extract image
features and fine-tuned word vectors for medical information, then employed the attention-
based MFB algorithm for feature fusion and a Seq2Seq model for decoding to retrieve
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the most relevant answers from the original answer space [9]. Further studies have also
adopted a framework that separately extracts features and performs fusion classification
before predicting answers [5]. These preliminary efforts have bridged the gap from general
visual question answering to Med-VQA, though significant differences remain.

Due to the complexity of medical data features and the challenges associated with
labeling, traditional optimization methods in visual question-answering models often strug-
gle to make significant advancements in related research. Therefore, many researchers have
proposed various model optimization techniques tailored to the characteristics of medical
data. For instance, BD Nguyen and colleagues introduced a framework that employs
denoising autoencoders to train on both image and textual features, complemented by few-
shot learning techniques, allowing the model to effectively extract features with minimal
annotated data [2]. Deepak and others proposed a hierarchical multi-modal network that
first analyzes the questioner’s queries using a text classification algorithm, then utilizes
semantic information derived from this analysis with different types of attention mecha-
nisms to predict answers, enhancing performance in handling complex queries [3]. These
efforts are specifically designed to optimize Med-VQA tasks and scenarios. Although there
have been improvements in performance, the variability across different datasets prevents
these models from meeting the clinical application needs of Med-VQA. As research pro-
gresses, Binh D. Nguyen and his team have introduced meta-learning, incorporating noise
perturbation to enhance image feature learning [2]. Liming Zhan and others have divided
questions into closed and open categories, training inference networks for each category,
which resulted in improved reasoning capabilities [10]. These modifications optimize the
models from both image and question perspectives to enhance the effectiveness of medical
data answering. Still limited by the quantity of existing data and lacking considerations for
pretraining with additional data, Haifan Gong and his team categorized images by body
parts and pretrained a ResNet network on an external medical dataset, employing multiple
attention feature fusion strategies for better feature integration [11]. Haiwei Pan and his
team used a multi-perspective attention mechanism with a composite loss algorithm to fuse
features, thereby enhancing question analysis and increasing the accuracy of answers [12].
These studies not only incorporated pretraining but also utilized attention mechanisms,
significantly improving the outcomes [13]. These efforts to merge different modalities
aim to solve visual question-answering challenges, yet the substantial differences between
modal features still impede further progress.

Recent large visual language models have achieved remarkable success in various
multi-modal tasks [14]. There has also been some research in Med-VQA using large-scale
language–vision models from a multi-modal learning perspective [15–17]. These methods
have been highly successful, yet their lack of flexibility and the high cost of training
impede their practical application in clinical settings. With the tremendous success of large
language models like GPT in the field of natural language processing, some studies have
also applied large language models to visual question-answering tasks, making significant
progress [18,19]. In Med-VQA, although there have been attempts to integrate large
language models, the massive corpus data requirements and the complexity of training
such models have limited their success [19]. Our study leverages the unique capabilities of
large language models for text understanding in the context of Med-VQA, implementing
zero-shot learning to meet the natural language processing needs of this field. This approach
avoids the need for end-to-end training of large models, significantly reducing deployment
costs and the need for extensive training data, while allowing the large language models to
serve as flexible, plug-and-play modules. By integrating pretraining with external medical
image data, we enhance the model’s capability to understand medical image features, thus
enabling effective clinical application even in scenarios with limited data.

3. Methods

The Image to Label to Answer (ITLTA) framework is specifically designed for Med-
VQA, aimed at addressing issues related to data scarcity and the complexity of model
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training inherent in traditional models. The ITLTA framework adopts a phased strategy,
dividing the problem-solving process into two main parts: multi-label learning of images
and question answering based on these labels with large language models. This approach
effectively simplifies the modeling complexity of Med-VQA while maintaining flexibility,
thus enhancing the performance of medical question-answering systems.

Initially, we designed a multi-label learning component for medical images tailored
to Med-VQA, which involves pretraining on external medical images based on multitask
learning. Building on this pretrained model, we then developed a joint image feature and
multi-label attention module. This module is capable of performing cross-modal correlation
learning between image feature information and label embeddings, as well as semantic
co-occurrence learning among labels, thereby identifying and providing multiple labels
such as the modality, organ, and abnormalities of medical images. The purpose of this step
is to extract a detailed and accurate set of labels from visual data, laying the groundwork
for subsequent language processing.

Subsequently, the generated label set, serving as rich visual information, is combined
with the question, prompt phrases, and example cases to be input into a large language
model. This module utilizes advanced large language models to analyze and respond to
the posed questions. By integrating visual and textual information, the module is capable
of generating answers corresponding to the questions. Since our visual information is
presented in the form of a label set, and the input details for the large model are specific and
known, we have a deeper understanding of the entire question-answering decision-making
process. This allows us to clearly identify whether incorrect responses are due to insufficient
or erroneous visual information, or due to issues related to language comprehension. The
structure of this framework is illustrated in Figure 1.
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3.1. Pretraining Based on Multitask Learning

To enhance the model’s capability to extract features from medical images, we utilized
expandable additional medical images for multitask learning pretraining. The accuracy
of image labels directly affects the final outcomes in Medical Visual Question Answering
(Med-VQA). In deep learning-based image recognition tasks, the volume of training data
significantly influences the results. Particularly in fields like healthcare, where data are often
scarce, the sufficiency of training data crucially determines the quality of the outcomes.
Therefore, in these areas, transfer learning often serves as an effective solution to the
problem of insufficient training data. Moreover, the more similar the transfer learning
data are to the training data, the better the results will be. Thus, in this phase, to achieve
desirable results in medical image label learning, we can select other available medical
image data based on the data characteristics of our specific application scenario. If the goal
is to obtain the best possible results, then initially, it is crucial to choose external pretraining
data that are similar to the target task. Subsequently, it is advantageous to use a large
amount of external image data. We know that acquiring medical images is much easier
than obtaining Med-VQA data, and the volume of publicly available medical images is also
significantly larger than that of Med-VQA data. In this study, based on our data scenario,
we have chosen publicly available medical images of different modalities and organs for
pretraining to mitigate the issue of data scarcity in Med-VQA.

In this study, we created a dataset comprising over 140,000 medical images from
five publicly available medical image datasets. These images include multiple common
modalities such as MRIs, X-rays, CT scans, and ultrasounds, and feature various organs
including the head, chest, limbs, and kidneys, as well as certain diseases. We employed
Densenet [20] as the backbone network and designed it to handle multiple learning tasks
such as modality classification, organ classification, and disease classification. Since each
task involves classifying different attributes of images and these tasks share underlying
data, multitask learning with hard parameter sharing is particularly suitable for this
research. This approach allows the development of a generic model capable of representing
multi-dimensional attributes of medical images. Another benefit of this multitask training
approach is that the feature learning for each attribute can mutually enhance each other
based on the shared data. In the multitask learning setup, the loss function is designed to
simultaneously address any number of classification tasks, with the total loss L defined as
the weighted sum of losses from all tasks, as shown below:

L =
N

∑
i=1

λiLi (1)

Li = −
Ci

∑
c=1

yic log(ŷic) (2)

In the formulas, N represents the total number of tasks, and λi is the weight coefficient
for the i-th task. Ci is the number of categories in the i-th task. yic is the true label for
category c in task i, and ŷic is the corresponding predicted probability. This integrated loss
function design ensures that the model optimizes multiple tasks simultaneously during the
training process, thereby enhancing the overall performance and generalization capability
of the model.

3.2. Multi-Label Learning with Joint Feature and Label Attention Mechanism

Image features and label embeddings are considered cross-modal features. We have
designed a multi-label learning strategy based on joint feature and label attention to
enhance the model’s utilization of the combined features of image characteristics and
label embeddings. This approach involves learning the cross-modal correlations between
image feature information and label embeddings, deeply integrating multi-regional image
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features into the label embeddings. Additionally, this process includes learning the semantic
co-occurrence among labels. The structure of this mechanism is illustrated in Figure 2.
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Figure 2. The structure of joint feature and label attention mechanism. Image features and label
embeddings are concatenated to form a joint image label feature representation, which is then input
into the joint feature attention module. Before inputting, the joint features should be normalized to
enhance the stability of the data features. The subsequent attention module structure is identical to
the encoder structure in the transformer [21] and can be stacked in multiple layers. After attention
learning, the joint feature obtained includes associations between image features and label embed-
dings, as well as co-occurrences of feature semantics among various label embeddings. This feature
is used for multi-label classification prediction by a subsequent classifier.

The joint representation of image labels is denoted by F, F ∈ R(H′×W ′+N)×C′
, where

H′ represents the height of the feature map, W ′ is the width, C′ is the number of chan-
nels, and N is the number of multi-label categories. After undergoing attention learning,
F′ ∈ R(H′×W ′+N)×C′

, the joint feature with cross-modal attention information can be repre-
sented by the following formula:

F′ = Concat(head1, head2, . . . . . . headh)WO (3)

headi = so f tmax(
FWQ

i (FWK
i )

T

√
dk

)FWV
i (4)

In this formula, h represents the number of attention heads, WO is the learnable weight
parameter within the multi-head attention,

√
dk serves as the scaling factor, and WQ

i , WK
i ,

and WV
i are the learnable weight parameters for the given inputs.
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To mitigate the impact of imbalanced label distribution in samples, this study em-
ploys an Asymmetric Loss function (ASL) [22] to enhance the performance of multi-label
classification under conditions of label imbalance.

ASL =
1
K

K

∑
k=1

{
(1 − pk)

γ+
log(pk), yk = 1

(pm,k)
γ−

log(1 − pm,k), yk=0
(5)

pm,k = max(pk−m,0) (6)

In this context, yk represents the true label, pk is the predicted value, K is the total
number of categories, and γ+ and γ− are the modulation indices for the contribution of
positive and negative sample losses to the total loss, respectively. pm,k is a probability shift
used to mitigate the contribution of simple negative samples to the overall loss, and m is
the modulation parameter for this probability shift.

The entire image processing module encompasses multitask-based pretraining and
multi-label learning based on feature fusion and label attention. The architecture of this
module is illustrated in Figure 3:
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3.3. Prompting LLMs to Answer Question

In Med-VQA, introducing LLMs to process and answer questions is a key step to
enhance the overall system performance. Leveraging the powerful language comprehen-
sion and generation capabilities of LLMs enables an effective understanding of the intent
and direction of questions. This section explains how to activate LLMs for Med-VQA
tasks using prompting techniques, and how to integrate this technology into the ITLTA
framework to optimize the performance of Med-VQA.

In Med-VQA, the format of questions is relatively straightforward, making it easy
for a frozen large language model (LLM) to understand their intent. For instance, typical
questions in the data might include, “What part of the body is being imaged?”, “Is this a CT
scan?”, or “What is abnormal in the MRI?” with concise answers such as “Breast”, “Yes”,
and “Quadrilateral space syndrome”. Therefore, we believe that at this stage in Med-VQA
tasks, existing LLMs are sufficient for zero-shot learning to address these questions without
the need for additional training in natural language understanding. We combine the visual
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labels obtained from multi-label learning with simple prompts and a few example question–
answer pairs, inputting them into the LLM. Experiments have demonstrated that the LLM
can effectively produce the required answers.

3.4. System Interpretability

Since our framework initially obtains visual labels and then inputs these labels along
with the medical image and question into the LLM, leveraging its natural language under-
standing capabilities to derive answers, we can verify the accuracy of the visual labels in
the first phase during testing. If an error occurs, such as the model incorrectly identifying
a visual label—for instance, labeling an image of the brain as a limb—the large language
model is likely to provide an incorrect answer. Such mistakes allow us to easily pinpoint
and explain errors in image understanding. If it happens, it demonstrates exactly where
the system’s understanding was incorrect. Conversely, if all visual labels or those relevant
to the question are correct but the final answer is still incorrect, it can be easily explained as
a misunderstanding of the question by the LLM. The clear identification of error sources
significantly enhances the interpretability of the system.

4. Experiments and Results

In this section, we evaluate our system on the VQA-Med 2019 dataset. Additionally,
we conducted ablation studies to verify the effects of pretraining on medical images and
the performance of various LLMs.

4.1. Datasets

We compiled a pretraining dataset of approximately 140,000 medical images based
on five publicly available medical image datasets. These datasets are ABIDE [23], ChestX-
ray8 [24], LIDC-IDRI [25], MURA [26], and MIAS [27]. These datasets include modalities
such as CT, MRI, X-ray, and ultrasound, and cover various organ categories including the
brain, lungs, breasts, limbs, and shoulders. They also include corresponding lesion labels.
We categorized the data based on three attributes (modality, organ, and presence of lesions)
to facilitate subsequent multitask pretraining.

The VQA-Med 2019 dataset [6] was introduced during the ImageCLEF 2019 chal-
lenge. This dataset primarily encompasses four major categories: modality, plane, organ
system, and abnormality. It includes a training set consisting of 3200 medical images with
12,792 question–answer (QA) pairs, a validation set comprising 500 medical images with
2000 QA pairs, and a test set featuring 500 medical images with 500 QA pairs.

We categorized each image in the training data based on the answers to the questions,
turning every image into a multi-labeled medical image. For many “yes or no” questions,
we also organized corresponding attribute labels based on the answers. The attributes of
modality, organ, and plane had fewer subclass labels, while there were too many different
types of abnormality labels. However, since the training data themselves are limited, many
categories of abnormalities only have 1–2 instances, which has been a reason for lower
accuracy in previous studies. We organized the entire dataset into a multi-labeled dataset
based on the answers to the questions, preparing it for multi-label training.

4.2. Implementation Details and Training

We selected Densenet201 as the backbone network, which was pretrained on the
ImageNet dataset. We then proceeded with multitask pretraining for medical images. Our
pretraining dataset comprised a total of 143,353 medical images. The training was organized
around three main attributes: modality, organ system, and presence of abnormalities. The
training and validation sets were split in an 80% to 20% ratio. Images were resized to
224 × 224 before training. We used the PyTorch deep learning framework and trained the
model on four NVIDIA Tesla V100 GPUs for 100 epochs.

Subsequently, we conducted multi-label learning training based on feature and label
joint attention mechanisms using the pretrained model. We set the values for γ+ and γ− to
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0 and 4, respectively, to enhance the contribution of negative samples to the overall loss.
The probability shift parameter m was set to 0.05. We configured the model with 4 attention
heads, a batch size of 256, and ran the training for 100 iterations.

During the question-answering phase with LLMs, we input four components into
the model: (1) the predicted set of visual labels, (2) the question, (3) our prompt text, and
(4) ten example question–answer pairs to serve as references for the LLM. Experiments
have demonstrated that these components are sufficient for the LLMs to understand and
respond to the questions accurately. We utilized two open-source large language models,
GLM-6B [28] and Baichuan-13B [29], for our experiments.

4.3. Ablation Studies

To assess the effectiveness of each component within our framework, we conducted
detailed ablation studies. These experiments were designed to evaluate the impact of
various configurations on performance: (1) multi-label learning without the use of external
medical image datasets for pretraining; (2) multi-label learning conducted post-pretraining
with external medical image datasets; (3) testing the efficacy of different large language
models; specifically, we evaluated two prominent models, GLM-6B and Baichuan-13B.

As the test set was also categorized into the four major groups of modality, organ,
plane, and abnormality, we initially conducted tests on the multi-label learning results using
this dataset. To simplify the analysis, we calculated the accuracy for each category based on
a single-label approach to evaluate the model’s performance in each category. The results
of the ablation study for multi-label learning, with and without pretraining, are shown
in Table 1. Accuracy(O), Precision(O), Recall(O), and F1(O) represent the results without
pretraining, and Accuracy(W), Precision(W), Recall(W), and F1(W) represent the results
with pretraining. The table illustrates that pretraining with a large volume of medical
images significantly enhances image recognition accuracy, particularly evident in the less
represented category of abnormality.

Table 1. The results of multi-label learning with/without external medical pretraining.

Modality Plane Organ Abnormality

Accuracy(O) 0.784 0.808 0.736 0.136
Precision(O) 0.470 0.514 0.592 0.095

Recall(O) 0.677 0.554 0.550 0.134
F1(O) 0.555 0.533 0.571 0.111

Accuracy(W) 0.856 0.864 0.840 0.216
Precision(W) 0.518 0.520 0.655 0.102

Recall(W) 0.786 0.613 0.698 0.224
F1(W) 0.625 0.562 0.676 0.140

We also conducted ablation studies using different large language models, compiling
the results with and without pretraining into Table 2. GLM(O) and Baichuan(O) represent
the outcomes of these two large language models without the use of pretraining, while
GLM(W) and Baichuan(W) show their results with pretraining. The ablation study results
across different models are very similar. Analyzing the responses, we found that most errors
were due to incorrect image visual labels leading to incorrect answers. Conversely, errors
solely caused by the large language models were minimal, and the results between the
two models showed little variance. This suggests that the current language understanding
capabilities of large language models are sufficient for Medical Visual Question-Answering
tasks. However, the significant differences in results with and without pretraining align
with trends observed in multi-label learning, indicating that these discrepancies stem from
the impact of medical image pretraining on feature extraction.
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Table 2. The results with/without external medical pretraining of different LLMs.

LLMs Modality Plane Organ Abnormality Overall

GLM(O) 0.768 0.800 0.712 0.184 0.616
Baichuan(O) 0.744 0.792 0.704 0.176 0.604

GLM(W) 0.848 0.840 0.824 0.280 0.698
Baichuan(W) 0.840 0.832 0.808 0.280 0.690

4.4. Comparison with State of the Art

Following our ablation studies, we chose the best-performing model from our experi-
ments, represented as ITLTA (GLM), to compare against various state-of-the-art methods
on the VQA-Med 2019 dataset. The results, as shown in Table 3, indicate that our com-
prehensive results surpass the best-performing model by 0.8%. Additionally, our method
performed well across multiple categories. However, our results did not excel in the
“plane” category compared to MMBERT(P) and WSDAN, primarily because our pretrain-
ing data did not include data specific to the “plane” category, leading to a less prominent
performance in this aspect. Overall, our approach, which leverages enhanced image under-
standing capabilities and the linguistic capabilities of large language models, has increased
the feasibility of Med-VQA applications in clinical settings.

Table 3. Comparison between the experimental results of this study and the results of existing methods.

Methods Modality Plane Organ Abnormality Overall

TUA1 [30] 0.667 0.716 0.744 0.035 0.606
CGMVQA [31] 0.805 0.808 0.728 0.017 0.600
MMBERT(NP) 0.806 0.816 0.712 0.043 0.602
MMBERT(P) 0.833 0.864 0.768 0.140 0.672
WSDAN(P) 0.847 0.864 0.768 0.201 0.690

ITLTA(GLM) 0.848 0.840 0.824 0.280 0.698

5. Conclusions

The Image to Label to Answer (ITLTA) framework proposed in this paper offers
a novel approach to Med-VQA. By effectively merging multi-label learning of medical
images with the deep linguistic insights provided by LLMs, this framework substantially
reduces the dependence on extensive training datasets traditionally necessary for Med-
VQA. Additionally, the ITLTA framework enhances the interpretability of the Med-VQA
process through the intermediate visual representation of labels and prompts, fostering
transparency that is crucial for increasing clinicians’ trust and acceptance of the model
predictions. Future developments for the ITLTA framework could include the extension
of the diversity of external medical image datasets, which would improve performance
across a wider range of categories without the need for specific dataset customizations for
Med-VQA. Such adaptability makes the clinical application of the ITLTA framework more
flexible, making it suitable for a broader array of medical question-answering scenarios
and demands.
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