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Abstract
Visual Question Answering (VQA) in the medical domain is a chal-
lenging yet critical task that combines image analysis and natural
language understanding to address clinical queries effectively. It
requires models to comprehend complex medical imagery, such
as chest X-rays, while interpreting diverse textual questions that
often demand domain-specific reasoning. This paper investigates
the potential of fine-tuning the Vision-and-Language Transformer
(ViLT) model for medical VQA tasks by leveraging a unified dataset
combining MIMIC-CXR and MIMIC VQA. By adopting a full fine-
tuning approach, our model achieves a competitive accuracy of
71.57%, underscoring the advantages of tailoring pre-trained trans-
formers to domain specific data. Our study meticulously outlines
the steps for preparing the unified dataset, including the integra-
tion of radiological images and question-answer pairs. We explore
effective strategies for optimizing the ViLT model for medical VQA,
emphasizing the importance of domain alignment in both training
and evaluation. The results demonstrate that full fine-tuning en-
ables the model to capture nuanced visual and textual correlations,
setting a robust benchmark for chest X-ray VQA tasks. Additionally,
we analyze the challenges posed by medical VQA, such as question
complexity, variability in image quality, and the need for clinically
accurate reasoning, providing valuable insights for future research
in this domain.
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1 INTRODUCTION
Visual Question Answering (VQA) represents a frontier at the in-
tersection of computer vision and natural language processing. It
poses a unique challenge by requiring systems to comprehend vi-
sual content and interpret textual questions to provide accurate
answers. In the medical domain, this challenge is further amplified
by the complexity and criticality of medical images and domain-
specific knowledge required to interpret them. Unlike general
purpose VQA, where models are trained on datasets with every-
day objects and scenes, medical VQA demands systems to reason
over specialized datasets, such as chest X rays, to answer clinically
relevant questions. With the rise of large multimodal models, the
need to align vision-language representation with domain-specific
semantics has become increasingly vital. In this context, VQA in
radiology represents a practical use-case where AI tools can di-
rectly support clinical workflows. As hospitals transition toward
AI-assisted diagnostics, integrating explainable, image-grounded
question answering systems becomes not only desirable but essen-
tial for patient safety and transparency. The importance of VQA
in healthcare is immense. Chest X-rays, being one of the most
common imaging modalities in medicine, are extensively used for
diagnosing a wide range of conditions, including pneumonia, heart
failure, and lung cancer. Automating the process of answering
clinical questions related to chest X-rays can significantly aid ra-
diologists, enhancing diagnostic workflows, reducing errors, and
ensuring timely decision-making. For instance, a VQA system could
answer questions such as “Is there evidence of pleural effusion?”
or “What are the findings in the right lung?” with explanations
derived from the visual content of the X-ray and the associated
textual information in medical reports. The contributions of this
paper are threefold:

• Dataset Integration and Preparation: We present a uni-
fied dataset that combines MIMIC-CXR [1] and MIMIC-VQA
[2], detailing the preprocessing steps, question categoriza-
tion, and answer encoding strategies.

• Model Fine-Tuning and Optimization: We describe the
methodology for full fine-tuning of the ViLT model [9], in-
cluding architectural adaptations, hyper parameter tuning,
and training protocols.
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• Evaluation and Analysis: We provide a thorough evalua-
tion of the model’s performance, highlighting its strengths
and limitations through quantitative metric.

2 RELATEDWORK
VisualQuestionAnswering (VQA) in themedical domain has gained
significant attention in recent years as an intersection of computer
vision, natural language processing, and medical informatics. This
section provides an overview of the foundational efforts and recent
advancements in medical VQA, with a specific emphasis on chest
X-ray datasets and performance evaluation.

2.1 General VQA Frameworks
The development of VQA systems has been spearheaded by efforts
in general-purpose datasets like VQA 1.0 [3], VQA 2.0 [4], and
CLEVR [5], which introduced challenges requiring deep under-
standing of visual and textual data. Early approaches primarily
used convolutional neural networks (CNNs) to extract image fea-
tures, which were then incorporated into question embeddings. [6].
[7] introduced a visual attention–based encoder–decoder frame-
work that dynamically focuses on salient image regions during text
generation, demonstrating the effectiveness of attention mecha-
nisms for aligning visual representations with natural language
descriptions in image understanding tasks. The success of these
methods in generic domains paved the way for domain-specific
adaptations, including medical imaging. However, these models
often lack fine-grained alignment at the level of pixel-wise atten-
tion to text queries. Few works explicitly address the synthesis of
structured question answering pipelines within chest X-ray inter-
pretation, leaving a gap that our study seeks to address through
a ViLT-centric fine-tuning approach on a unified dataset. Addi-
tionally, recent studies have explored knowledge graph completion
methods [10] as a complementary strategy to enrich the knowledge
base for VQA systems.

3 DATASET FORMULATION
The unified dataset was constructed by integrating question–
answer pairs from MIMIC-CXR and MIMIC-VQA to create a con-
sistent chest-X-ray visual question answering corpus. Duplicate
instances were identified and removed using patient, study, and
image identifiers, ensuring each record represents a unique image–
question pair. Question text was normalized through lower-casing
and stop-word removal, and ambiguous or incomplete entries were
excluded. To mitigate potential dataset bias such as the predomi-
nance of yes/no questions and uneven label distribution stratified
sampling was applied during training, preserving the diversity of
question types and anatomical focus. The final unified dataset
comprises 142,778 samples. This unified formulation provides a
standardized foundation for reproducible medical VQA research
and ensures fair evaluation across both visual and textual modali-
ties.

3.1 Data Acquisition
The dataset was sourced from publicly available MIMIC-CXR and
MIMIC-VQA repositories, providing a rich blend of chest X-ray
images and corresponding question-answer pairs.

Workflow for dataset formulation as shown in Figure 1. The
dataset metadata included essential fields such as:

• Subject ID, Study ID, and Image ID: Unique identifiers
for each patient and associated image.

• Question: Natural language queries related to the image,
focusing on clinical insights.

• Answer: The corresponding response to the question, de-
rived from radiological annotations or text reports.

• Split: Indicates whether the sample belongs to the training,
validation, or test set.

The unified dataset was split into training, validation, and test
sets using an 80:10:10 ratio to ensure balanced model development
and evaluation. Table 1 summarizes the distribution of images,
questions, and answers across each split. While every sample in-
cludes both an image and a question, the answer count is slightly
lower due to quality filtering.

During dataset unification, overlapping or duplicate entries be-
tween MIMIC-CXR and MIMIC-VQA were carefully resolved by
aligning on patient ID and study ID. Class imbalance (e.g., domi-
nance of yes/no questions) was mitigated using stratified sampling
during training.

4 PROPOSED METHODOLOGY
The proposed methodology as shown in the Figure 2 involves devel-
oping a VQAmodel based on the Vision-and-Language Transformer
(ViLT). This section outlines the model architecture, training proce-
dure, and evaluation strategy.

4.1 Model Architecture
The framework accepts two inputs: a chest X-ray image and a
corresponding natural language question. The image is processed
through a vision transformer branch that generates rich visual em-
beddings, while the question is encoded using a text transformer
to obtain contextual word features. These visual and textual rep-
resentations are fused through a multimodal interaction module
employing cross-attention to learn semantic alignment between
image regions and question tokens. The resulting joint representa-
tion is then passed to a classification head that predicts the most
probable answer from a predefined answer space. This unified
architecture enables end-to-end reasoning over medical images
and textual queries, facilitating accurate and interpretable decision-
making in radiology VQA tasks.

The ViLT model was selected for its capability to integrate vi-
sual and textual information effectively. The model was initialized
with a pre-trained checkpoint, dandelin/vilt-b32-mlm, and further
fine-tuned for the VQA task. The model configuration was updated
to accommodate the number of unique answers in the dataset by
setting the num.labels parameter in the configuration. We also
introduced a class-balancing sampler during training to mitigate
the skewed distribution of frequent versus rare answers. This step
improved the model’s generalization on minority classes, partic-
ularly on medical conditions that are less prevalent but clinically
significant. The loss function was enhanced with label smoothing
(𝜖 = 0.1), which reduced overconfidence in model predictions.
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Figure 1: Workflow for unifiedmedical dataset generation: Key features fromMIMIC-CXR (chest images) andMIMIC-CXR-VQA
(questions, answers) are systematically merged through compatibility assessment and preprocessing. Evaluation includes
measures of data complete.

Table 1: Summary of unified dataset statistics: Distribution of image, question, and answer counts for training, validation, and
test splits, highlighting answer coverage and sample allocation across each subset.

Train Valid Test Total # of Samples

Images 114,222 14,277 14,277 142,778
Questions 134,796 16,849 16,849 168,496
Answers 127,440 15,930 15,930 159,300

Figure 2: Architecture of the proposed unified ViLT-based chest X-ray VQA framework. The model jointly encodes visual
and textual inputs through transformer-based encoders, fuses their embeddings via a multimodal attention mechanism, and
predicts the final answer through a classification layer. The output block represents the model’s predicted response to the input
question based on the given chest X-ray image.
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Table 2: Performance overview of VQA models on chest X-ray datasets. Our model is evaluated on the unified dataset. Note
that datasets differ in composition, thus, results serve to contextualize the proposed approach rather than establish direct
comparison.

Model Dataset Accuracy

PubMedCLIP [8] MIMIC-CXR-VQA 54.9%
MedViLL [8] MIMIC-CXR-VQA 63.6%
Transformer-based VQA [8] MIMIC-CXR-VQA 68.8%
M3AE [8] MIMIC-CXR-VQA 69.2%
Ours (ViLT-FT) Unified (CXR+VQA) 71.57%

4.1.1 Label Mapping. To enable supervised learning, each unique
answer in the dataset was mapped to a numeric identifier. This
mapping was achieved by constructing label2id and id2label dictio-
naries, where:

• label2id maps each answer to a unique integer.
• id2label maps each integer back to its corresponding answer.

These mappings were integrated into the ViLT model configura-
tion, allowing the model to predict discrete answer classes. With
over 100 unique answers, this multi class classification task required
careful handling of label distribution to ensure balanced learning.

4.1.2 Image Preprocessing. Given the high resolution and varying
sizes of chest X ray images, preprocessing was essential to stan-
dardize inputs. Images were resized to a fixed resolution of 384×384
pixels using the Pillow library.

• Each image was converted to RGB format to match the ViLT
model’s input requirements.

• Invalid or inaccessible images were identified and excluded,
ensuring only high-quality data was used.

4.1.3 Dataset Splitting. To facilitate training and evaluation, the
dataset was divided into three subsets:

• Training Set: Used to optimize the model’s parameters,
containing approximately 80% of the data.

• Validation Set: Used to monitor performance during train-
ing and prevent overfitting, accounting for 10% of the data.

• Test Set: Reserved for final performance evaluation, com-
prising 10% of the data.

5 EXPERIMENT & RESULTS
5.1 Experimental Setup
The model was trained using the AdamW optimizer with a learning
rate of 5 × 10-5. Training was performed for 60 epochs with a
batch size of 32. The loss function used was the cross-entropy loss,
calculated between the predicted logits and the ground truth labels.

• Training Loop: During each epoch, the model’s parameters
were updated using backpropagation. The training accuracy
and loss were computed after processing each batch.

• Validation Loop: After each epoch, the model was eval-
uated on the validation dataset. This evaluation provided
insights into the model’s generalization performance.

5.2 Implementation Details
The training and validation pipelines were implemented using Py-
Torch. The training process was conducted on a GPU to leverage
accelerated computation. The model was saved after each epoch,
allowing for resumption in case of interruption.

5.3 Evaluation Metric and Performance
Benchmarks

The proposed ViLT-based model was evaluated against existing
chest X-ray VQA baselines. Table 2 summarizes accuracy results
alongside published baselines for contextualization. It is impor-
tant to note that direct numerical comparison across rows should
be interpreted with caution, as the models were trained and eval-
uated on datasets that differ in scale, composition, and question
distribution. Accuracy is a standard metric for VQA tasks, measur-
ing the proportion of correctly predicted answers [3]. The base-
line results PubMedCLIP (54.9%), MedViLL (63.6%), M3AE (69.2%),
and Transformer-based VQA (68.8%) are reported from [8] on
the MIMIC-CXR-VQA dataset. Our ViLT-based model, fine-tuned
on the unified dataset combining MIMIC-CXR and MIMIC-VQA
(168,496 question-answer pairs), achieves 71.57% accuracy. This re-
sult demonstrates the effectiveness of full fine-tuning of pre-trained
vision-language transformers on a comprehensive medical VQA
corpus.

5.4 Challenges and Future Directions
Despite recent advancements, medical VQA faces persistent chal-
lenges. The lack of large-scale annotated datasets limits the gen-
eralizability of trained models. Additionally, the interpretability
of VQA models is crucial for clinical adoption. Efforts to integrate
explain ability modules into transformer architectures are ongoing.

5.5 Hyper-parameter Optimization and
Ablation Studies

The meticulous selection of optimal hyperparameters was crucial
for maximizing the performance of our fine-tuned ViLT model.
We systematically explored a range of learning rates, batch sizes,
and optimization algorithms, ultimately settling on the AdamW
optimizer with a learning rate of 5×10-5 and a batch size of 32, de-
termined through iterative experimentation and validation perfor-
mance monitoring. The unified dataset design, combining MIMIC-
CXR and MIMIC-VQA, was motivated by the hypothesis that a
larger and more diverse training corpus would improve the model’s
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ability to generalize across different question types and image con-
ditions. Future work will include formal ablation studies to quantify
the individual contributions of each dataset component and the
impact of specific design choices on model performance.

6 DISCUSSION
The experimental outcomes affirm the viability of leveraging pre-
trained vision-language transformers like ViLT in specialized do-
mains such as medical imaging. Notably, the full fine-tuning ap-
proach significantly outperformed previous methods, suggesting
that domain adaptation at all transformer layers is critical for nu-
anced visual-textual reasoning. However, the model occasionally
struggled with ambiguous or compound questions, often defaulting
to dominant answer patterns from training data. This behavior
underscores the need for more diverse annotations and balanced
question distributions. Another limitation lies in the reliance on
single-frame chest X-rays without temporal or 3D contextual infor-
mation, whichmay hinder performance on time-sensitive diagnoses.
Future enhancements could explore self-supervised pre-training
using masked language modeling on radiology reports or integrat-
ing multi-view imaging data. Additionally, incorporating clinician
feedback into the model’s reasoning loop may foster explainability
and trustworthiness, facilitating safer clinical integration.

7 CONCLUSION
In this study, we have successfully full fine-tune Vision and-
Language Transformer (ViLT) model, focusing on a unified dataset
comprising MIMIC-CXR and MIMIC VQA. Our approach aimed
to enhance the interpretability and accuracy of VQA tasks in the
healthcare domain, specifically leveraging multimodal data sources
for improved clinical insights. The dataset preparation phase in-
volved rigorous preprocessing techniques, including the removal
of outliers, standardization of image dimensions, and the creation
of structured mappings for labels. By ensuring a balanced and
representative dataset split for training, validation, and testing, we
achieved a robust setup that mitigated overfitting and enhanced the
generalization capabilities of our model. The integration of image
and question modalities through ViLT’s multi-modal transformer
layers enabled us to leverage contextual relationships between vi-
sual and textual data effectively. The proposed system establishes a
strong foundation for advancing transformer-based medical VQA
research and its potential integration into real-world radiology
workflows.
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