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RESEARCH ARTICLE

Cross-Attention Mechanism for Medical Visual
Question Answering

Nada Fadhil Mohammed®, Israa H. Ali

College of Information Technology, University of Babylon, Babylon, Iraq

ABSTRACT

Visual Question Answering (VQA) is a machine learning task that aims to create systems capable of answering natural
language questions based on given images. Medical VQA systems, a domain-specific application of VQA, assist in
understanding clinically relevant information from medical images. These systems leverage deep neural techniques to
generate accurate answers to questions, which can be closed-ended or open-ended. This paper proposes a Cross-Attention
Mechanism-based Medical VQA system. The proposed Medical VQA system achieves good performance through the
integration of three-key components, each addressing critical challenges in medical visual question answering: The
biomedical domain-specific pretraining of BioBERT enables extracting powerful contextual features from questions. It
is highly effective in handling rare medical terminology, abbreviations and suitable for processing and grammatically
complex medical questions compared to generic language models. Denoising Autoencoder model for visual features
extraction enables extracting strong visual features and focusing on small object through slicing image into overlapping
patches, thereby improving the localization of abnormalities within image. Finally propose a cross-attention mechanism
which applied to model the hidden relationship between medical image and question and enhance the fused features
vector. The attention mechanism comprises intramodal (within-modality) and intermodal (cross-modality) components,
enabling the model to focus on relevant parts of image and question for answer generation. Experiments conducted on
the VQA-RAD and Med-VQA 2019 datasets demonstrate that the proposed system achieves good results and accuracies
was 76.5% and 78.3%, respectively, outperforming baseline models that use traditional attention mechanisms like the
Bilinear attention networks (BAN) or Stacked Attention Networks (SAN).

Keywords: BAN, BioBERT, Computer vision, Cross-attention mechanism, DAE, Medical VQA, Natural language processing

Introduction

Visual Question Answering (VQA) is an advanced
deep learning application that bridges computer vi-
sion and natural language processing (NLP). A VQA
system analyzes visual content, images, or videos,
and generates accurate responses to user questions
posed in natural language. These queries can vary
from open-ended and multiple-choice questions to
common-sense reasoning tasks, making VQA highly
versatile. By integrating visual and linguistic data,
VQA enables a broad spectrum of real-world appli-
cations. 1

VQA has a wide range of applications. One impor-
tant application was in the medical domain. Medical
VQA assists specialists by providing quick, accurate
answers to questions about medical images, reduc-
ing workload, and supporting diagnosis decisions. >
Also, patients sometimes use search engines to check
and understand their condition, and this increases
the risk of getting incorrect information. So, there
is an increased need for a system that can help pa-
tient to understand their medical image. Medical VQA
could fulfill this need since it takes a medical im-
age and the user’s natural language question about
the image and returns an answer to that question.
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Recently, usage of deep learning in medical imaging
has made great progress, especially in the broad re-
search of algorithms for computer-aided diagnosis in
diagnosis-related tasks, including image recognition,
image classification, and so on.*°

Medical VQA combines computer vision and nat-
ural language processing (NLP) to answer questions
about radiology images, histopathology slides, and
other medical imaging modalities. Medical VQA
poses challenges due to the complexity of medical
data, scarcity of annotated datasets, complex medical
terminology requiring domain-specific NLP models,
and Fine-grained localization of abnormalities (e.g.,
tumors, fractures).>°

The medical VQA system consists of two phases:
encoder and decoder. During the encoder phase,
generating effective representations of medical im-
ages and clinical questions, and passing these inputs
through a deep model to produce a co-dependent
embedding vector. Decoder phase involves taking the
fused features vector and then generating a response
for the input question.® Visual features extraction is
mostly done using one of the Convolution Neural
network (CNN) pretrained models, such as VGG,’
ResNet,® etc. For textual understanding, language
models such as Recurrent Neural Network (RNN) ar-
chitectures: Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU), and transformer-based lan-
guage models (Bidirectional Encoder Representation
(BERT) have demonstrated exceptional capability in
capturing clinical semantics and context. After fea-
ture extraction is done, the fusion step is performed,
which is regarded as the core component of the
Medical VQA system. Different methods are used for
feature fusion, such as concatenation, pointwise mul-
tiplication, Stack attention mechanism, ° and Bilinear
Attention Network.'? The typical fusion method in-
volves fusion with attention.

The primary objective of this paper is to design a
reliable Medical VQA system capable of providing a
‘second opinion’ on medical case assessments. The
proposed system incorporates advanced techniques
for image and question feature extraction, enabling
the generation of precise answers for clinical ques-
tions.

This paper proposes a medical VQA system for an-
swering questions about medical images. BioBERT, a
domain-specific pre-trained language model, is used
for textual feature extraction, with a Medical DAE
for image feature extraction. A cross-attention mech-
anism is proposed for feature fusion to model the
hidden relationship between the question and the
medical image,and pay different attention weights to
different parts of the image to determine which part
of the image is related to the input question words.
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With the help of the proposed attention mechanism,
the model enables the system to provide reasonable
answers while assisting clinicians in getting diagnos-
tic information. The fused features are fed to the
classifier to generate answers. Also, this paper delves
into the critical aspects of medical VQA, exploring
its importance, underlying mechanisms, challenges,
limitations, and future directions.

The contributions of this study can be listed as
follows:

» The proposed medical Visual question answering
system gives better performance, comparable to
several baselines, and across two datasets.
The proposed medical VQA system adopts an ef-
fective method that extracts strong and important
visual features from medical images and focuses
on small objects through slicing the image into
overlapping patches, thereby improving the local-
ization of abnormalities within the image.

+ Using BioBERT model for medical text encod-
ing: unlike general language models, BioBERT
is a biomedical language model that improves
question understanding. It is highly effective in
handling rare medical terms and abbreviations
and is suitable for processing grammatically com-
plex medical questions. The built-in attention
layers inside BioBERT allow the model to auto-
matically identify and focus on the most important
parts of the questions.

« Propose a cross-attention mechanism to effec-
tively fuse features. This model is designed to
model the relationship. within the same modality
and find the relationship between textual features
and visual features. The fused vector captures the
interaction between image and question features,
thereby enhancing the accuracy of the answers in
the medical domain.

Related works

Many studies have tried to solve the problem of
medical visual question answering. Some of these
studies will be explained here: In,'' a proposed
model that combines an image encoder based on
EfficientNetV2 with a multimodal encoder based
on the RealFormer architecture, Transformer is
used for visual features and the question fusion.
The source'? proposed a “semantic-enhanced graph
transformer-based textual representation learning ap-
proach, called SemTGT. They used EfficientNet and
BiLSTM pre-training models as feature extractors to
deal with medical images and questions, respectively.
Concatenation is used for feature fusion. Next, they
use a classifier to get answers to the questions, and the
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results were 0. 42 of BLUE, and accuracy was 0.391
on the VQA-Med 2019 dataset. Paper'® presented
a VQA system that allows an image to be asked a
written question. For image feature extraction, they
use ResNet-152 and Skip-thought vectors to extract
question features. They introduced a fusion mecha-
nism called Question-Centric Cross Low-rank Bilinear
(QCMLB), which fuses image and question features by
enforcing high adherence to the query sentence. This
model established results: 0.603 in accuracy in the
Image CLEF 2019 VQA-Med dataset.

In,'* they proposed a model called New Classi-
fication and Generative Model for Medical VQA,
by turning this problem into multiple sub-problems.
To extract image features, they used the ResNet152
network and the BERT model to deal with ques-
tions. They used a concatenation for feature fusion.
This model established results: 0.640 of classification
accuracy and 0.659 of word matching for the VQA-
Med 2019 dataset. Paper'® proposed a conditional
reasoning mechanism with a question-conditioned
reasoning component and a type- conditioned rea-
soning strategy to learn effective reasoning skills for
different Med-VQA tasks adaptively. Further, they
used a pre-trained visual feature extractor for Med-
VQA via contrastive learning on large amounts of
unlabeled radiology images. They evaluate the per-
formance of the proposed model on two benchmark
datasets, VQA-RAD and SLAK. The use of ResNet-
50 for visual features extraction, and the question
embedding is generated by a GRU model. Question-
Conditioned Reasoning (QCR) is used to enable the
model to gain question-specific reasoning skills by
leveraging question attention information to modu-
late cross-fusion features. They train a model on the
VQA-RAD dataset. Overall accuracy is 72.5 (60 for
open-ended and 79 for closed-ended).

In,? a model was proposed based on ResNet and
BERT models with attention modules to focus on
the relevant part of the medical images and ques-
tions. The model predicts the answer either by a
classification or a generation head, depending on
the type of question. They performed the qualitative
analysis of MedFuseNet and compared its results to
the ones from SAN and Hierarchical Co-Attention
models BLEU score was 0.276. Researcher in, '® Hier-
archical Question Segregation based Visual Question
Answering (HQS-VQA). They proposed a question
segregation (QS) technique for VQAMed, integrated
the QS model into the hierarchical deep multi-modal
neural network to generate proper answers to the
queries related to medical images, and they studied
the impact of QS in Medical-VQA by comparing the
performance of the proposed model with QS and a
model without QS. InceptionResnet-v2 is used for im-
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age processing, and Bi-LSTM for question processing,
and the Concatenation is used for image and question
feature fusion, and their system records 0.411 BLEU.

Materials and methods

In this section, the proposed system shown in Fig. 1
is presented. The proposed system consists of several
models for the following main stages: visual features
extraction, textual features extraction, features fusion
with an attention mechanism, and finally answer gen-
eration.

Data description

In order to train and evaluate the model, the pub-
licly available medical VQA datasets are used: VQA-
RAD and Med-VQA 2019. These datasets contain
medical images paired with corresponding question-
answer pairs. The following is a brief description of
these:

The VQA-RAD'” contains 3,515 questions about
315 images, where more than one question is
asked about each. The questions about “Abnor-
mality,” “Attribute,” “Color,” “Count,” “Modality,”
“Organ,” “Other,” “Plane,” “Positional reasoning,”
“Object/Condition Presence,” “Size”. The questions
are of two types: closed-ended (“yes/no”) and open-
ended questions. Med-VQA 2019'! is a dataset that
contains radiology images, and the categories of
questions are: Modality, Plane, Organ system, and
Abnormality. Fig. 2 shows an example from the VQA-
RAD and Med-VQA 2019 dataset; each example from
the dataset consists of a medical image, a question
about this image, and the answer to the question.

Question preprocessing

Involves the conversion of question text into a
suitable format that aligns with the model’s require-
ments. For the preprocessing of the questions, all
questions and answers are converted into lowercase
letters. Once the text is purified, the tokenization pro-
cess is performed by splitting it into individual words
and eliminating punctuation and symbols. In order
to pad the question tokens to ensure that the input
sequences are of the same length, the distribution
of the question lengths is found. Questions have a
different length, so they are padded with zero to make
each encoded array have the same length before being
passed as an input to the embedding layer. In the
VQA-RAD dataset, each question length is set to 12
words and uses zero padding for lengths less than 12.
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Dataset of images and question-answer
pairs)
Question:

Is/Are the lungs normal size?

A 4

Question Preprocessing
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Image

Image Preprocessing
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Fig. 1. The proposed medical question answering system.

Image preprocessing

The dataset used consists of different types of im-
ages and different formats of questions. The data is
distributed over the different categories. The image
sizes vary a lot; all images are resized to 224*224
(resize was performed while preserving aspect ratio).

Image feature extraction using denoising auto
encoder model (DAE)

DAE is an unsupervised CNN model that is used
for denoising medical images since medical images
may contain various degrees of noise.'® CNN-based
approaches have achieved state-of-the-art results
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Q: What is the location of the mass?
Answer: head of the pancreas

Q:Is/Are the lungs normal size?
Answer: yes

VQA-RAD

Q: What imaing method was used?
Answer: doppler ultrasound

Q: Which plane is the image shown in?
Answer: axial

VQA-Med-2019

Fig. 2. Examples from the VQA-RAD dataset and VQA-Med 2019 dataset. ™17

on many VQA benchmarks. Also, the lack of la-
beled medical images makes the training process
inefficient. Autoencoder helps to extract high-level
features without labeled data, DAE. The DAE model
can be used to extract features since it can extract
robust features from a noisy image.'® The encoder
maps a noisy input image I, which is the noisy copy
of the original image I, to a representation of latent w
that keeps a useful number of features of the image.
The training of the model aims to reduce the error of
the noisy and the original images. The DAE trained
on medical images to remove the added noise, as in
paper. '’

Image feature extraction describes an image as
a numerical vector, and question feature describes
text as a numerical vector. Image features are
obtained through the pretrained convolutional DAE.
A medical dataset involves various image types and
organs. The characteristic of medical images is not
effective to directly apply deep models; also, the
small scale of existing medical datasets for VQA,
fine-tuning pre-trained large models on them can
lead to overfitting. To get rid of the lack of labeled
data, the DAE model is used, which can be useful in
extracting image features without any labeled data.
This paper uses the DAE for visual feature extraction.
Two types of image features will be extracted and
used:

* Global features from the whole images using the
Denoising encoder model.

* Local features from different regions of images are
extracted by dividing the image into overlapping
patches, and the extracted features are then used
to train a Denoising autoencoder model.

Global features from the whole image and local
features from different regions of images, and then
these two types of features are combined. Very fine
information can be extracted from each part of the
image by dividing the image into overlapping patches
with dimensions M x N. This is very useful in cases
where attention to small details is required, such
as fine objects in medical images. Running DAE on
each patch to extract features from the overlapping
patches. These features are merged using Maxpool-
ing, that combine the features of patches while
avoiding redundancy in order to eliminate redun-
dancy. Maxpooling ensures that only the strongest
features from overlapping regions are retained. At the
same time, the full-image features give a comprehen-
sive view that helps determine the overall context. In
this way, the features of the parts and the features
of the whole image can be combined to improve the
accuracy of the model. This is very beneficial in the
localization of abnormalities and lesions in medical
images for early disease diagnosis and treatment plan-
ning. Local features are used to extract features of
objects that are represented by a small number of
pixels in the image and lack sufficient details, making
them difficult to detect using conventional detectors.
The following steps are needed:
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1. Use the DAE to extract features from the full
image, fvl.

2. Slice the images into smaller patches. The used
patch size is (80 x 80) pixels with a stride of 48
pixels (for overlapping patches), so there will be
4 x 4 patches.

3. Extract features fv2 from the smaller patches
using a DAE model. Then, combine the features
of patches using maxpooling, these local features
of the image.

4. Combine the features from patches and the full
image to get visual features, fv.

Question semantic encoder

feature extraction from text involves the conversion
of specific text into features. This process yields nu-
merical vectors, so they are commonly referred to as
vectorization. These extracted features from the text
are then input into the prediction model to facilitate
text classification. The pre-trained models, such as
GRU, 2% L.STM?° model, and BERT?! are used for for-
ward embedding to represent words of text as vectors.

This paper proposes a question feature extraction
based on the bidirectional encoder representation
from transformers (BERT) to extract features of the
questions. The version of the BERT model used in
this paper is BioBERT,?? which is a domain-specific
language representation model pre-trained on large-
scale biomedical corpora. BioBERT can recognize
biomedical named entities that BERT cannot and can
find the exact boundaries of named entities. While
BERT often gives incorrect answers to simple biomed-
ical questions, BioBERT provides correct answers to
such questions.?? The used model is a biobert-v1.1
version of BioBERT, which includes 12 layers and 768
hidden variables. Each question will be represented
by a 768-d feature vector.
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Attention mechanism

Attention models represent a recent advancement
in the fields of NLP and computer vision, often re-
ferred to as “attention is all you need.” This model
introduces the concept of assigning varying weights
to words within a sentence. Its primary objective is
to comprehensively analyze a sequence, whether it’s
a text feature or an image feature, and condense the
most informative features into a fixed-length context
vector. Consequently, the model prioritizes specific
words in the text while downplaying other.?! This
mechanism enables the model to concentrate on the
relevant portions of both the question and the con-
text. The key part of the transformer architecture
is its self-attention mechanism. In the transformer,
the attention function is expressed in terms of three
elements: queries, keys, and values, all represented
as vectors. The output is computed by taking the
weighted sum of the values, with each value assigned
a weight determined by a compatibility function
between the query and its corresponding key. Self-
attention mechanism is called scaled dot- product
attention and is illustrated in Fig. 3.

In this process, the dot products are computed be-
tween the query and all keys, then scaled by the
dimension of the keys, d, and finally, a softmax func-
tion assigns weights to the values. This operation can
be performed for a set of queries efficiently using ma-
trices. Denoting the matrices Q, K, and V for queries,
keys, and values, respectively, the attention operation
is defined by Eq. (1):%!

attention (Q, K, V) = softmax (Q—KT) \% @D)]
o Vi

Self-attention is performed for h “heads”
{z1,2,....,Zn}, projecting the queries, keys, and
values with learned linear functions. This enables

I MatMul I

Q K Vv

(A) Scaled dot-product attention block.

Linear

T

J - )
Scaled Dot-Product
Attention

| | l

[ Linear ( Linear [ Linear

Vv K Q

(B) Multi-head attention.

Fig. 3. Self-attention modules of the transformer architecture.?"
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the simultaneous application of scaled dot-product
attention on each head, producing output values with
dimension dy. Subsequently, these output values are
concatenated and projected once again in Egs. (2)
and (3),

mltihead (Q,K,V) = con (21,22 ...,2,) W° 2)
Where :
2; = attention (QWiQ, KWK, VWiV) 3)

with W representing the learnable parameters of the
projection layers.

In order to promote the connection between ques-
tion and image features, a cross-attention mechanism
is designed to capture the attentive relationships be-
tween the features. Specifically, the image features
are first passed through a linear transformation layer
to obtain a visual attention probability distribution
over all image features. The global features of the at-
tended regions are then extracted using this attention
distribution. At the same time, the attention distri-
bution is also utilized to reweight the visual features
to focus on the crucial parts. As for the text features,
similar operations are performed.

Fusion with attention mechanism for image features
and question features

The attention mechanism has been shown to be a
powerful technique that can capture important infor-
mation from raw features in either linguistic or visual
representation. The attention mechanisms are used
to solve this lack by using local image features, and
make the model assign varying weights to features.
CNN-based approaches have achieved state-of-the-art
results on many VQA benchmarks, but they are not
good at reasoning about spatial relationships between
different objects in an image. For example, CNN may
be able to identify that there is a dog and a cat in
the given image, but it may not be able to tell you
which animal is in front of the other. This is because
CNNs typically operate on local image patches, and
they do not explicitly encode spatial information.
Interpretable features can be challenging to provide
explanations for answers generated by VQA systems.
The semantic gap between visual and textual data is
another challenge for CNNs, as VQA requires under-
standing the semantics of both images and questions.
Traditional CNN-based approaches focus just on im-
age features, which makes it difficult to integrate
textual information effectively.

To address the mentioned limitations, attention
mechanisms can be utilized for VQA to enhance
context modeling, multimodal integration, and gen-

BAGHDAD SCIENCE JOURNAL 2026;23(4):1270-1281

eralization. Through the attention mechanism, the
system weights the visual features based on their
relevance to the question, instead of using global
features. Attention weights allow the output stage
to focus on relevant parts of the image. Fusion in-
volves combining the extracted image and question
features, then models the hidden relationship be-
tween the language feature and visual feature to
generate an answer. The main difference between
several approaches is how they combine textual and
image features. For example, they can simply com-
bine them using concatenation or using pointwise
(element-wise) multiplication of image and answer
features.

Different attention Mechanisms are used; this paper
proposes a cross-attention mechanism. According to
the cross-attention mechanism, two types of attention
will be learned: intramodal attention within the same
modality (image attention) and intermodal attention
(learn image attention according to the question as
a guide and learn image attention according to the
question as a guide). The intermodal attention use
question features are used as a guide to compute vi-
sual features attention, and image features are used as
a guide to compute textual features attention. This at-
tention mechanism explores the interactions between
features of image regions and question features, as
shown in Fig. 4. We build self-attention and guided
attention based on the multi-head attention mech-
anism. Image modality (has its own self-attention
block, and cross-modal guided attention is applied
from one modality to the other, as follows:

Step 1: Visual features of the input image, fv, are
subjected to self-attention to learn the internal struc-
ture of the image, allowing the model to give varying
importance to features in different regions, as in
Eq. (4).

fv = Multi — Head attention (f,, fv., f) €))]

Step2:The textual features of question f, are ex-
tracted using the BioBERT model, which enables the
model to assign weights of importance to the words
of the question.

Step3:The visual features, f,, from step 1 are guided
by question features to determine which parts of im-
ages are related to question words, as in Eq. (5).

fy = Multi — Head attention (fv, fqr fq) ©)

Step 4: The Textual features, fq of question from
step 2, are guided by visual features, which made
the model understand which parts of the question are
important for the image, as in Eq. (6).

fq = Multi — Head attention (fq, fy, f,) (6)
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A

Add & Norm

?

Feed Forward

A

) Add & NORM

Multi-head Attention

Qy K \Y%

Add & NORM

|

Multi-Head Attention
7y
Qv KV VV

Visual features (f;)

1277

Add & Norm

Feed Forward

Add & NORM

Multi-head Attention

Textual features (f,)

Fig. 4. Cross-attention mechanism.

Step 5: After self and cross attention are computed,
the visual and textual features are fused. This fusion
of features made the model integrate the information
from two modalities: image and question. The fusion
is performed using the elementwise addition of image
and question features.

In this way, the fused feature could be obtained by
carrying the relation of image question features. The
fused features vector is passed to the classifier model
to predict the correct answer.

Answer generation (decoder stage)

Answer prediction plays a critical role in VQA; the
answer to the question about the input medical im-
age will be predicted. VQA is usually formulated as
a classification problem, where distinct answers are

considered as different categories. A common choice
of the classifier is a multilayer perceptron (MLP). An-
swer prediction is performed as a classification task.
The classifier in the VQA takes the fused features from
both the image and question, focusing on the relevant
parts of both, processes them through fully connected
layers, and finally applies a softmax layer to output
the predicted answer. This classifier is designed to
take the combined information from the multimodal
attention network and produce a correct prediction,
ensuring that both visual and textual cues are con-
sidered. The fused features are fed into a classifier
that outputs the probability distribution of the N =
No. answers and obtains the predicted results. The
MLP, as explained in Fig. 5, is a fully connected neural
network with 2 hidden layers, followed by a SoftMax
layer to obtain a distribution over N answers.
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Fused Features (Image features+ Question
features)

Fully Connected Layer 1

Fully Connected Layer 2

SoftMax Layer (Final probability distribution
over answers)

Predicted Answer (output)

Fig. 5. Answer classification architecture.

Result and discussion

This section views and discusses the results of the
proposed system. The experiments were conducted
to evaluate the performance of our proposed Medical
VQA framework, including its components proposed
in Materials and Methods, on the published bench-
mark datasets VQA-RAD and Med-VQA 2019.

For the VQA-RAD dataset, exactly the same training
set and test set described in 11 were used. The dataset
has 458 unique answers. The test set contains 451
questions, and the rest is for training. The Med-VQA
2019 dataset has 312 unique answers, and it was
divided into:

* Training set:3200 images and 12,792 questions-
answers (QA).

+ Validation set:500 images and 2000 QA pairs.

« Test set:500 images with 500 QA pairs.

The training set was used to train the proposed
system. The data is equally distributed over four cate-
gories based on the question types, which are: “plane
category, organ category, modality category, and ab-
normality category”.

The model uses BioBERT, DAE, and a cross-
attention mechanism. A Bi-LSTM model is used for
the question encoder to compare the results and ef-
fectiveness of BioBERT on the system. The accuracy
metric is used to identify the convergence, and bi-
nary cross-entropy is utilized as the loss function. The

BLEU score calculates the similarity of the reference
(ground truth answer) and the hypothesis (predicted
answer) at an n-gram level. Thus, it is a very useful
metric for comparing two sequences or sentences. *>
Specifically, we use BLEU-1, BLEU-2, and BLEU-3
scores to compare the sequences at 1-gram, 2-gram,
and 3-gram levels, respectively. In contrast, the Adam
optimizer was used to optimize the model loss. The
proposed Models were optimized by using early stop-
ping (with patience = 10) and batch normalization.
The batch size was 64, and the dropout probability
was 0.2. The learning is set as 0.0001, whereas the
decay rate is set as 1071°. We select the accuracy and
BLEU score that appear frequently in the test results.

Before running the evaluation metrics, each answer
is converted to lowercase for the visual question an-
swering. The evaluation will be conducted based on
the accuracy metric. An adapted version of the accu-
racy metric can be used from the general domain VQA
task that considers exact matching of a participant’s
provided answer and the ground truth answer.

The results in Tables 1 and 2 illustrate the accuracy
and BLEU scores of VQA-RAD and Med-VQA 2019,
respectively. These results show that our system with
a cross-attention mechanism-based Medical VQA sys-
tem can improve the performance of our medical VQA
system for both datasets. In Table 1, the test accu-
racy and BLEU of VQA-RAD were shown by question
category for the two models compared to the other
models. There is an improvement in accuracy for the
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Table 1. Accuracy and BLEU score results and comparisons using multi-models on the VQA-RAD dataset.

Models Closed-ended Accuracy Open-ended Accuracy Overall- Accuracy BLEU score
HQS-VQA'® — — — 0.411
Our system(BiLSTM + DAE + Cross-attention) 82.7 64.5 73.6 0.743
Our system (BioBERT + DAE + Cross-attention) 85.8 66.1 75.9 0.781
Table 2. Accuracy and BLEU score results and comparisons using multi-models on the Med-VQA 2019 dataset.
Models Metric Modality Plane Organ Abnormality Overall
CGMVQA Accuracy  80.5 80.8 728 1.7 65.9
BLEU 0.856 0.813 0.679 0.16 0.640
Our system (BiLSTM + DAE + Cross-attention) Accuracy 87.1 85.7 79.6 19.2 72.7
BLEU 0.897 0.864 0.846 0.211 0.718
Our system (BioBERT + DAE + Cross-attention)  Accuracy 88.8 87.9 80.8 22.6 73.8
BLEU 0.879 0.884 0.816 0.23 0.745

closed-end category by (+3.1%), (+1.6%) for open-
ended questions. The increase in BLEU score by 0.370
when compared with HQS-VQA. ¢

In Table 2, the test accuracy and BLEU of Med-VQA
2019 were shown by question category for the two
models. There is a significant increase in accuracy
in the modality category (+1.7%), (+2.2%) in plan,
(+1.2%), and the increase in the abnormality cate-
gory was (+ 3.4%), which made the BioBERT model
achieve an increased overall accuracy. Also, there is
an increase in the accuracy by (+7.8) and (0.105) in
BLEU when compered by CGMVQA. '*

Table 3, show the training parameters of the model.

Table 3. The summary of parameter settings.

Name Size
Batch Size 64
Dropout Rate 0.2
Learning Rate 0.0001
Decay Rate 10710

Despite the growing interest and progress in Medi-
cal VQA, there were still limitations, such as Medical
images (e.g., CT, MRI, X-rays) contain subtle features
that require expert interpretation. Unlike natural im-
ages, the relevant diagnostic information may be
localized, low-contrast, or multi-layered. Also, Med-
ical VQA datasets are typically small due to privacy
concerns and the high cost of expert annotation.

Conclusion

Medical VQA plays an important role in provid-
ing medical assistance to the end-users. This paper
proposed a cross-attention mechanism-based Medical
VQA. In the proposed system, the BioBERT model
is used for textual features extraction to enable a
better understanding of medical terminology, abbre-
viations, and phrase structures compared to general
models. Adapting the DAE model for visual features

extraction, which handles noise and extracts impor-
tant and strong features from medical images by
slicing the image into overlapping patches. The at-
tention mechanism was applied at the outputs of
BioBERT and DAE layers. According to the cross-
attention mechanism, two types of attention will be
learned: intramodal attention within the same modal-
ity (image attention and intermodal attention (learn
image attention according to the question as a guide
and learn image attention according to the question
as a guide). The results illustrate that the cross-
attention mechanism can significantly improve the
performance of our Medical VQA system. In future
investigations, it can develop the system by atten-
tion visualization, such as integrating Grad-CAM for
finer-grained visual explanations. Another aspect to
consider in the future is to move Medical VQA from
a classification task to a generative one.
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