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Abstract: Visual question answering (VQA) is a task that generates or predicts an answer to a question
in human language about visual images. VQA is an active field combining two Al branches: NLP
and computer vision. VQA in the medical field is still at an early stage, and it needs vast efforts
and exploration to reach practical usage. This paper proposes two models that are utilized in the
latest vision and NLP transformers that outperform the SOTA and have not yet been utilized in
medical VQA. The ELECTRA-base transformer is used for textual feature extraction, whereas SWIN
is used for visual feature extraction. In the SOTA medical VQA, selecting the model is based on the
model that achieves the highest validation accuracy or the last model in training. The first proposed
model, the best-value-based model, is selected based on the highest validation accuracy. The second
model, the greedy-soup-based model, uses a greedy soup technique based on the fusion of multiple
fine-tuned models to set the model parameters. The greedy soup selects the model parameters by
fusing the model parameters that have significant performance on the validation accuracy in training.
The greedy-soup-based model outperforms the best-value-based model, and both proposed models
outperform the SOTA, which has an accuracy of 83.49%. The greedy-soup-based model is optimized
with batch size and learning rate. During the optimization, seven extra models exceed the SOTA
accuracy. The best model trained with a learning rate of 1.0 x 10~# and batch size 16 achieves an
accuracy of 87.41%.

Keywords: VQA; medical; NLP; vision; transformer; greedy soup; visual question answering; SWIN;
ELECTRA; classification

1. Introduction

Visual question answering (VQA) is a process that provides meaningful information
from images to a user based on a given question. With the rapid advancements in computer
vision (CV) and naturalanguage processing (NLP), medical visual question answering
(Med-VQA) has attracted much attention. The Med-VQA model seeks to retrieve accurate
answers by fusing clinical visuals and inquiries. The Med-VQA model can aid in medical
diagnosis, automatically extract data from medical images, andower medical professionals’
training costs. Additionally, the Med-VQA system has many benefits for the medical
industry. Here are a few illustrations:

¢ Diagnosis and treatment: By offering a quick and precise method for analyzing med-
ical images, Med-VQA can help medical practitioners diagnose and treat medical
disorders. Healthcare experts canearn more about the patient’s condition by inquiring
about medical imaging (such as X-rays, CT scans, and MRI scans), which can aid in
making a diagnosis and selecting the best course of therapy. In addition, it would
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reduce the doctors’ efforts byetting the patients obtain answers to the most frequent
questions about their images.

*  Medical education: By giving users a way toearn from medical images, Med-VQA can
be used to instruct medical students and healthcare workers. Students canearn how to
assess and understand medical images—a crucial ability in the area of medicine—by
posing questions about them.

e Patienteducation: By allowing patients to ask questions about their medical photos,
Med-VQA can help them better comprehend their medical issues. Healthcare prac-
titioners can improve patient outcomes by assisting patients in understanding their
problems and available treatments by responding to their inquiries regarding their
medical photos.

*  Research: arge collections of medical photos can be analyzed using Med-VQA to
glean insights that can be applied to medical research. Researchers can better compre-
hend medical issues and create new remedies by posing questions regarding medical
imaging and examining the results.

Although much Med-VQA research has been accomplished, it requires much enhance-
ment due to public data and data sizeimitations to achieve practical usage. There are a few
public data available: the VQA-RAD [1], VQA-Med 2019 [2], VQA-MED 2020 [3], SLAKE
dataset [4], and Diabetic Macular Edema (DME) dataset [5]. Only the VQA-RAD and
SLAKE datasets are manually generated and validated by clinicians. In addition, they have
more question diversity among all medical VQA datasets. The DME dataset is manually
generated but not validated by specialists.

Several models have been developed to solve this problem. These models rely on
four types of methods: joint embedding approaches [6-8], attention mechanisms [9-13],
composition models [12,14-18], and knowledge base-enhanced approaches [1,19-21]. In
Med-VQA, VGGNet [22], ResNet [23], and the ensemble of vision pre-trained models [24,25]
are the vision features extraction methods widely used, whileSTM [26], Bi-LSTM [27], and
BERT [28] are the text features extraction mainly utilized.ately, most models have aimed to
use attention mechanisms to align between the text and image features [10,29-31]. In addi-
tion, vision andanguage (V + L) pre-trained models, such as visualBERT [32], ViIBERT [33],
UNITER [34], and CLIP [35]. Researchers claimed that Med-VQA requires more text infor-
mation about images to facilitate the classification task for the model. Therefore, they utilize
image captioning generation to give the model extra information about the image [36].

Regarding the state-of-the-art (SOTA), the multi-model structure’s complex has been
increased to obtain better performance than previous models. This is because deepearning
is a black-box method and the VQA multi-model has three main parts: text phase, vision,
phase, and fusion, in which no researchers have proven that a method used in each part
is the most significant in VQA behavior. For example, utilizing VGGNet to obtain vision
features in a model achieved high performance, but it does not guarantee that another
model with the same structure will achieve as high performance as the first model’s due
to the difference in the hyper-parameters configuration. Medical VQA is still at an early
stage and needs more exploration to develop efficient models for practical application,
which requires a profound understanding of theimitations in this field. A big issue in
Med-VQAies in dataimitation. Although most medical VQA researchers employed a CNN
pre-trained vision model to solve the dataimitation, this does not reduce the variation
between the feature scales of visual entities with a high pixel resolution and the text
words. Using transformers for vision manipulates the images as text and reduces this
variation [37]. Therefore, this paper uses the transformer for the text and vision feature
extraction process. In addition, text transformers, such as BERT and BioBERT, are widely
used for textual feature extraction, but the ELECTRA transformer (Efficientlyearning an
Encoder that Classifies Token Replacements Accurately), which outperforms the SOTA
text transformer, is not utilized. Various researchers utilize ensembleearning to obtain
the efficiency of different models. Wortsman et al. [38] designed another method called
model soup, which has three types: uniform, greedy, andearnable. The greedy soup
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achieved the highest performance among the three types. The authors discovered that the
SOUPS architecture offers several advantages over traditional ensemble models, including
improved accuracy, generalization, interpretability, and more efficient computation. The
computation cost for ensemble k models is O(k), whereas the computation cost of greedy
soup is O(1). Therefore, in this paper, the proposed model uses the greedy soup method
to obtain those advantages. Overall, the contributions of this paper can be summarized
as follows:

e  Since the ELECTRA-base transformer that is pre-trained on aarge corpus of text data
using contrastive estimation and outperforms other text transformers, such as BERT
and BioBERT, is not utilized yet in medical VQA for the textual feature extraction, the
proposed model exploits the ELECTRA-base transformer to extract text features from
the question.

¢  The proposed model aims to solve the issue of thearge feature variation between the
question and the image. Therefore, it exploits theast vision transformer, swin-base-
patch4-window?7-224. The SWIN transformer utilized in this model to extract visual
features from the image is used for the first time in medical VQA.

*  The extracted visual and textual features are combined and fed into an MLP
for classification.

*  The proposed model is fine-tuned based on the model parameters that achieved the
highest validation accuracy and the greedy soup approach to show the significant
impact of the greedy soup method.

*  The performance of theast two models are compared with the model by Tascon et al. [5],
which we denoted as the SOTA because it is the unique research on this dataset.

*  The model based on the greedy soup fine-tuning technique is optimized to select the
bestearning rate and batch size.

The remainder of this paper is organized as follows. The related work is summarized in
Section 2. Section 3 presents the proposed methods, while Section 4 discusses and analyzes
the model performance, utilized dataset, and environment setup. Section 5 provides the
conclusions and future research direction.

2. Related Work

VQA usually has four components: vision featurization, text featurization, fusion
model, and classifier. Vision featurization is a part of the multi-model responsible for
extracting the vision features. Text featurization is another part of the VQA multi-model
responsible for extracting text features. The combination of both features and their processes
is the fusion component. Theast component is the classifier that classifies the queries about
the images and generates the answer.

2.1. Vision Featurization

Applying mathematical operations to an image requires representing it as a numerical
vector, called image featurization. There are several techniques to extract the features
of the image, such as scale-invariant feature transform (SIFT) [39], simple RGB vector, a
histogram of oriented gradients (HOG) [40], Haar transform [41], and deepearning. In
deepearning, such as CNNs, visual feature extractionearns using a neural network. Using
deepearning can be accomplished by training the model from scratch, which requires
aarge data size, or using transferearning, which behaves significantly with aimited data
size. Since medical VQA datasets areimited, most researchers aim to use per-trained
models, such as AlexNet [42], VGGNet [22,43-46], GoogLeNet [47], ResNet [5,23,48-52],
and DenseNet-121 [53]. Ensemble models can be stronger than the single model, so there is
a direction to use it as vision feature extraction [25,54-57].

2.2. Text Featurization

As a vision featurization, a question has to be converted into a numeric vector using
word-embedding methods for mathematical computations. A suitable text embedding
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method is based on trial and error [58]. Various text embedding methods are used in
the SOTA to impact the multi-model significantly. The most common methods used in
question models areSTM [5,53,56,57,59], GRU [59], RNNs [44,60-62], Faster-RNN [59],
and the encoder-decoder method [45,48-50,63,64]. In addition to the previous methods,
pre-trained models have been used, such as Generalized Auto-regressive Pre-training
foranguage Understanding (XLNet) [65] and the BERT model [28,45,51,52]. Some models
have ignored text featurization and converted the problem into an image classification
problem [55,66,67].

2.3. Fusion

Extracting the features of text and images is processed independently. Therefore, those
features are fused using the fusion method. Manmadhan et al. [58] classified the fusion
into three types: baseline fusion models, end-to-end neural network models, and joint
attention models. In baseline fusions, various methods are used, such as element-wise
addition [7], element-wise multiplication, concatenation [68], all of them combined [69],
or a hybrid of these methods with a polynomial function [70]. End-to-end neural network
models can be used to fuse image and text featurization. Various methods are currently
used, including neural module networks (NMNs) [12], multimodal, MCB [48], dynamic
parameter prediction networks (DPPNs) [71], multimodal residual network (MRNSs) [72],
cross-modal multistep fusion (CMF) networks [73], basic MCB model with a deep atten-
tion neural tensor network (DA-NTN) module [74], multi-layer perceptron (MLP) [75],
and the encoder—decoder method [32,76]. The main reason for using the joint attention
model is to address the semantic relationship between text attention and question atten-
tion [58]. There are various joint attention models, such as the word-to-region attention
network (WRAN) [29], co-attention [30], the question-guided attention map (QAM) [10],
and question type-guided attention (QTA) [31].

Neural network methods such asSTM and encoder—decoder are also used in the
fusion phase. Verma and Ramachandran [45] designed a multi-model that used encoder—
decoder,STM, and GloVe. Furthermore, vision + language pre-trained models are also
utilized, such as in [52].

In the VQA system, the question and image are embedded separately using one or
a hybrid of text and vision featurization techniques mentioned above. Then the textual
and visual feature victors are combined with a fusion technique, such as concatenation,
element-wise multiplication, or attention. The obtained victor from the fusion phase is
classified using a classification technique, or it can be used to generate an answer as a VQA
generation problem. Figure 1 shows the overall VQA system.

Image
featurization
Answer

Fusion | Classifier H Yes
Are there
exudates in Text
the featurization

fundus?

Figure 1. The Overall VQA Structure.

3. Methodology

This paper proposes two VQA models that aim to improve the SOTA performance by
fusing fine-tuned models and utilizing the most recent techniques for vision and textual
feature extraction and reducing the feature variance between the textual and visual using
the same techniques for both, namely, the use of transformers. The SWIN-base transformer,
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ELECTRA-base transformer, and MLP are used for vision featurization, text featurization,
and classification for the base model. The first model, the best-value-model, uses the data
to fine-tune the base model, whereas the second model, the greedy-soup-model, fuses
several fine-tuned based models based on the greedy soup technique, which creates the
final model weights based on the fusion of the weights of the best three fine-tuned models,
which significantly impacts the validation accuracy. Figure 2 shows the architecture of
the base model with greedy soups technique fusion. More details about each phase are
discussed below.

1
768 feature
SWIN-L VECTOr
Transformer
.—D no
Are there hard ELECTRA-base
exudatesinthe ™  Transformer 512 feature
fovea? vector
a. The base model

A 4

————————/Train base_model
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Final model with
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Y

Figure 2. The Overall model Structure.

3.1. SWIN Transformer

A transformer is utilized for vision featurization to reduce the variation between
the text and vision features by manipulating the image bitches as tokens. The model
uses the SWIN transformer to reduce the memory and computation resources required
to process high-resolution images by dividing the image into non-overlapping patches
and processing each patch using a set of shifted windows that capture different spatial
relationships between the patches, as shown in Figures 3 and 4. The shifted windows
allow the model to capture bothocal and global features of the image, and the hierarchical
processing enables the model to handle high-resolution images more efficiently. We utilized
SWIN-base-patch4-window?7, which is the most extensive configuration of the SWIN
transformer, which consists of 6 stages and 2 SWIN transformer blocks per stage. This
model has 197.0 million parameters. The process of feature extraction using the SWIN
transformer is described below.
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Figure 3. The SWIN Shift window Approach.

Classification Segmentation
Deection 4

16x

Figure 4. The SWIN Model Architecture.

PatchEmbedding: The input image is divided into non-overlapping patches, which
are flattened into vectors and passed through ainearayer to obtain a set of patch
embeddings. The patch embeddings are denoted as X.

X = PatchEmbed(I) 1)

SWIN Transformer Blocks: The SWIN transformer block processes the feature maps of
the input patches using a set of shifted windows, producing a set of output feature
maps, which are then processed by a SWIN transformerayer that combines the feature
maps across the patches and produces a set of feature maps at a higher resolution.

Xi,j = Swin-L BlOCk(Xi,]‘_l, Xi,j+1r Xi—l,j/ Xi-'rl,j) (2)

where X; ; denotes to the patch in row i and column j.

SWIN Transformerayers: The output feature maps from the SWIN transformer blocks
are processed by a SWIN transformerayer that combines the feature maps across the
patches and produces a set of feature maps at a higher resolution.

X'i,j = Swinayer(Xi, ) (3)

where X; ; denotes to the patch in row i and column j.

Global Average Pooling: The output feature maps from the final SWIN transformer-
ayer are passed through a global average poolingayer, which computes the average of
each feature map across the spatial dimensions and produces a final feature vector.

V = GlobalAvgPool(X; ;) 4)

This final feature vector V size is 2048.
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3.2. ELECTRA Transformer

The proposed model utilizes ELECTRA, a textual pre-trained transformer model
trained on aarge corpus of text for textual featurization [77]. The main advantage of
ELECTRA is designing a novel pre-training approach called contrastive estimation. Unlike
other pre-training approaches, such as maskedanguage modeling used in BERT, ELECTRA
trains the model to distinguish between real and replaced tokens in an input sentence. This
method encourages the model toearn more effectively from the surrounding context and
improves its ability to capture the nuances of theanguage,eading to better performance on
downstream tasks. Furthermore, the ELECTRA transformer offers several advantages over
other transformer models. Apart from improving efficiency, it has faster times, robustness
to noise and adversarial attacks, and is adaptable to a wide range of naturalanguage
processing tasks [77]. Figure 5 shows the replaced token detection overview. The contrastive
estimation can be expressed with the following equations:

Are g Are
there ——p» there——p
hard  — [maskt——»
exudates— P exudatesT——P
in — i —>
the —Ppthe ———p
fovea ——Pp[maskl——p

samples Are —————P» — original
there——P i imina- —> original

Generator € Discrimina &
icall hara——% tor P qriginal
(Typically exudates > (ELECTRA) — original
small MLM) o _ origin
the ———» — original
region > —» replaced

Figure 5. Replacement of the token detection overview.

Given an input sentence x, a set of replaced sentences x’, and a binaryabel y (where
y = 1if x’ is a true replacement of x, and y = 0 otherwise), the contrastiveoss function,
which is a type of cross-entropy (CE), is defined as:

1 N . N
CE= Y Y yilog(i) + (1 —y;) log(1 — ;) 5)
i=1

where N, y;, and §j; are the number of training examples, the trueabel of example i, and the
predictedabel of example i, respectively. The predictedabel §; is computed as:

= exp(f (i)
P exp(f(xi, ) + L exp(f (i, %))

(6)

where the similarity score between the input sentence x; and the corresponding replaced
sentence is x; f(x;, x). The similarity score is computed using a neural network based on
the concatenated input, replaced sentences as input, and produces a scalar output. The
denominator in the predictedabel expression normalizes the scores across all replaced
sentences for a given input sentence. During training, the model is presented with pairs
of input sentences containing real tokens and replaced tokens. The model is trained
to predict whether the tokens replaced in the second sentence were replaced based on
the surrounding context. This method encourages the model to effectivelyearn from
theanguage and improve its understanding of the nuances of theanguage.

The ELECTRA transformer consists of 12ayers in its transformer encoder. Eachayer
contains 12 attention heads and a hidden size of 768. The model total parameters is 110 mil-
lion. The input to the ELECTRA-base transformer is a sequence of tokens, which are first
passed through an embeddingayer to obtain a sequence of dense vectors. The transformer
encoderayers then process these vectors to extract contextualized representations of the
input text. Theength of the features produced by the ELECTRA-base transformer is 512.
The feature extraction processes are described as follows:
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¢  Token Embedding: The input text T is tokenized, and each token is mapped to its
corresponding embedding vector. The token embeddings are denoted as X.

X = TokenEmbedding(T) (7)

*  Encoderayers: The ELECTRA transformer uses a stack of encoderayers to process the
token embeddings and extract contextualized representations of the input text. Each
encoderayer consists of a self-attention mechanism followed by a feedforward network.

X" = Encoder(X) 8)

* Maskedanguage Modeling: During pre-training, a subset of the input tokens are
randomly masked, and the model is trained to predict the original tokens based on
the masked tokens. The masked tokens are denoted as M.

M = Mask(T) 9

*  Masked Token Prediction:
The output of the encoderayers is used to predict the original tokens based on the
masked tokens. The masked token prediction can be expressed as follows:

- First, the output of the encoderayers is passed through ainearayer to obtain a set
ofogits for each token position.

= Linear(X') (10)

—  Then, theogits corresponding to the masked token positions are selected and
passed through a softmax function to obtain a probability distribution over
the vocabulary.

P = Softmax(Lyy) (11)

—  Finally, the model is trained to maximize theog-likelihood of the original tokens
given the masked tokens and the predicted probability distribution.

n
L= log(Py) (12)
i=1
where 1 and t; are the number of masked tokens and the index of the original
token at position i, respectively.

3.3. MLP Fusion

A Multilayer Perceptron (MLP) is a feedforward neural network consisting of multi-
pleayers of perceptrons (also called neurons) [78]. Each perceptron in the network computes
a weighted sum of its input features and applies an activation function to produce an out-
put. The output of each perceptron is then fed into the nextayer of perceptrons until the
finalayer, which produces the final output of the network. The proposed model consists of
two layers.

The equation for the output of a single perceptron can be expressed as:

y= ‘T(i w;x; +b) (13)
i-1

where y is the output of the perceptron, x; is the ith input feature, w; is the weight associated
with the ith input feature, b is the bias term, and ¢ is the activation function.

The output of each perceptron in aayer is computed in parallel, and the output of the
entireayer is a vector of outputs. The output of aayer is then fed as input to the next layer.
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The MLP network can have one or more hiddenayers, where each hiddenayer consists
of multiple perceptrons. The number of hiddenayers and their perceptrons are hyper-
parameters that can be tuned to optimize the performance of the network.

The equation for the output of an MLP network with one hiddenayer can be

expressed as: i "

y=02()_ woion (Y wyjixj+by;) + b2) (14)
i s

where y is the final output of the network, x; is the j-th input feature, wy ;; is the weight
associated with the connection between the j-th input feature and the i-th perceptron in the
hiddenayer, w; ; is the weight associated with the connection between the i-th perceptron in
the hiddenayer and the final output, b; ; is the bias term associated with the i-th perceptron
in the hiddenayer, b, is the bias term associated with the final output, oy is the activation
function for the hiddenayer, and 0> is the activation function for the final output.

The MLP network can be trained using backpropagation, which is an iterative algo-
rithm that adjusts the weights and biases of the network to minimize aoss function that
measures the difference between the predicted output and the true output. The weights
and biases are updated using the gradient of theoss function with respect to the weights
and biases.

The proposed model consists of two hiddenayers with theeak-ReLu activation
function [79]. This is followed by dropayer with a rate of 0.1 and a normalizationayer. The
firstayer contains 128 nodes, whereas the secondayer includes 5 nodes, which is the number
of classes. Theeak-ReLu activation is calculated using the equation:

x ifx>0

f(x) = { (15)

ax otherwise

where « is a small positive constant that determines the slope of the function for negative
input values. The default value of « is 0.01.

The cross-entropyoss that measures the difference between the predicted probabilities
of the classes and the trueabels is used in the designed model. The cross-entropyoss

function is defined as:
1N C

W9 =-5 Z; gyij log(7i) (16)
i=1j=
where y;; is the trueabel for the j-th class of the i-th sample (either 0 or 1), §;; is the predicted
probability of the j-th class for the i-th sample, N is the number of samples, and C is the
number of classes.

The first sum in the equation computes theoss for each sample, while the second sum
computes theoss for each class. When the predicted probability is close to 1 and the trueabel
is 1, theoss is close to 0. Theoss is significant when the predicted probability is close to
0 and the trueabel is 1. Theog function is used to penalize the model more heavily for
predictions that are far from the actualabel.

The softmax function, which is used to transform the output of a neural network into
a probability distribution over the classes, is used. The softmax function is defined as:

Zj
B Yho €%

where z is the output of the neural network for a given input, K is the number of classes,
and ¢(z); is the predicted probability of the j-th class.

Weight decay is a common regularization technique in machineearning that penal-
izesarge weights and encourages the model toearn more superficial data representations.
The model utilized Adam with a weight decay regularization (AdamW) optimization
function [80], an improvement over the popular Adam optimization algorithm. The

o(z); (17)
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AdamW algorithm is similar to the original Adam algorithm but with the addition of
weight decay regularization. In the original Adam algorithm, weight decay is applied
to both the weights and theearning rate. Therefore, this canead to suboptimal perfor-
mance, especially in deep-learning models with manyayers. The AdamW algorithm solves
this problem by applying weight decay only to the weights and not to theearning rate.
The AdamW algorithm is implemented by adding a weight decay term to the gradient
update rule:

wy = wy_1 — i X (my/ (sqri(ve) +eps) + A x wy) (18)

where w; is the weight at time ¢, #; is theearning rate at time ¢, m; and v; are the first and
second moments of the gradients, eps is a small constant to prevent division by zero, and A
is the weight decay coefficient.

By applying weight decay only to the weights, the AdamW algorithm can improve the
performance of deepearning models, especially in cases where weight decay significantly
impacts the model’s performance.

3.4. SOUPS Fusion Method

*  Greedysoups
The greedy soups technique is used to fuse the parameters of multiple fine-tuned
models, where the model is trained, and validation accuracy is calculated several
times during training; the final parameters will be the average of the best k models’
parameters based on the fine-tuned model weights that significantly improve the
validation performance by averaging the weights of the new fine-tuned model with
theist of previous models weights. The proposed model utilizes this technique to
maximize its performance.
Let M = {mq,my,...my} and 6 = {6y, 64, ...,6,} denote the set of models and their
parameters, respectively.etsg = {6, 01, ...,6;} and Mk = {myq,myy, ..., my } be soup
ingredients or the parameters for the considered Mk models. Each time i the validation
is computed, the model m; is considered if val Acc(m;) > min(myy, My, . . ., Myx). The
Mk models are sorted decreasingly.
From the Mk models and their sg parameters, the model is considered for fusion if,
for each time i to k, the val Acc(sg;_1 U {6;}) is greater than valAcc(sgi_1).et ¢ — sg
denote the considered j models. The final model parameters 6’ are the average of the
¢ — sg models’ parameters, and they are calculated using the equation:

;1Y
9:7;91- (19)

The proposed model is set to be based on the best three models, k = 3, where the
validation is calculated in the middle and end of each epoch. Algorithm 1 shows the
algorithm of greedy soup to fuse the three models with different hyper-parameters
(number of steps). Figure 6 presents the overall structure of the greedy soup technique
to fuse three models.
¢ Thebestvalue

The fine-tuning based on the best accuracy value selects the model that achieves the
highest score. It is represented using the equation:

f(x,argmax;Val Acc(6;)) (20)
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Figure 6. The Greedy Soup Model.

Algorithm 1 Greedy_Soup_Model

Require: number of epoch epoch and greedy soup grade k
Ensure: model parameters 0

1: val Acc + {}

2: ingredients < {}

3: fori < 1 to epoch do

4:  if not mid(epoch) then

5 train model

6: end if
7. Compute the val — accuracy(model)
8
9

train model
if length(ingredients) < 3 then

10: ingredients < ingredients U {model (0)}

11: val Acc < val Acc Uval — accuracy(model)

12:  else if val — accuracy(model) > min(val Acc) then
13: remove(val Acc, min(val Acc))

14: remove(ingredients, min(model(6)))

15: ingredients < ingredients U {model (0)}

16:  end if

17: end for

18: decreasing order of ValAcc with its appropriate ingredients
19: ingredients_soup < {}
20: fori <« 1tokdo

21:  if Val Acc(average(ingredientssoup U {ingredients;})) >
Val Acc(average(ingredients_soup)) then

22: ingredients_soup <— ingredients_soup U {ingredients;}

23:  end if

24: end for

25: return average(ingredients_soup)

4. Experiment
4.1. Environment Setup

The models are trained on a Google Colab premium account with NVIDIA A100-SXM4-
40 GB (Nvidia Corporation, Santa Clara, CA, USA ) and 80 GB RAM. For the optimization
function, AdamW is used with 1.0 x 1073 and 0.9 weight decay andearning rate decay,
respectively. The model optimized to select the best batch size andearning rate among the
values 1.0 x 1073,3.0 x 1073,2.0 x 1073, 1.0 x 1074,9.0 x 107>,8.0 X 10>, 1.0 x 10> and
16, 32, 64, 128, respectively. The model was trained for ten epochs in all experiments and
evaluated using the validation set twice per epoch. Furthermore, it sets up to stop training
if there is no enhancement for ten sequential times.
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4.2. Dataset

The Diabetic Macular Edema (DME) dataset [5] is generated automatically from the
Indian Diabetic Retinopathy Image Dataset (IDRiD) [81], and the e-Ophta dataset [82] is
used. The dataset has 679 images with 13,470 question—answer pairs distributed into 433,
112, 134 images with 9779, 2380, and 1311 for the train, validation, and testing dataset,
respectively. The dataset has questions about hard exudates, optic discs, and exudates’
grades. The distinction between grades is based on the presence of a hard exudate at
various sites on the retina. Specifically, grade 0 means no hard exudate at all, grade 1
means there is a hard exudate in the periphery of the retina (i.e., central fovea and radius
one papilla diameter), and grade 2 if there is a hard macular exudate. The dataset has the
original images and masks that specify a specific region of the image. The masks have to
be applied to the images before training. Figure 7 shows examples of images and related
question—answer pairs from the dataset. Table 1 shows the distributed of classes in the
train, validation, and testing datasets.

Question: What is the Question: What is the Question: What is the
L | diabetic macular edema diabetic macular edema diabetic macular edema
5 grade for this image? grade for this image? grade for this image?
E-. Ans: 0 Ans: 1 Ans: 2
g. g Question: Are there hard Question: Are there hard Question: Are there hard
“ oo exudates in this image? exudates in this image? exudates in this image?
a Ans: no Ans:; yes Ans: yes
g Question: Are there hard Question: Are there hard Question: Are there hard
= exudates in the fovea? exudates in the fovea? exudates in the fovea?
Ans: no Ans:; yes Ans: yes

suolejouuy

Figure 7. Examples of DME dataset images and related QA pairs, where the yellow circle is an optic
disk, the cutine circle is the macula, and x is the fovea- the center of the macula.

Table 1. Number of instances per answer for each part of DME dataset.

Yes No 0 1 2 Total
Train 4713 4639 166 41 220 9779
Validation 1151 1123 39 8 59 2380
Test 530 650 49 15 67 1311
Total 6394 6412 254 64 346 13,470

4.3. Evaluation Metrics

We calculate the model accuracy, precision, recall, F1-score, macro accuracy average,
and weighted accuracy average to measure the model performance and compare it with
the SOTA models. The equation of each metric is shown in the following:
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Accuracy: Accuracy is a commonly used performance metric for classification prob-
lems that measures the proportion of correctly classified samples out of the total
number of samples. It is calculated using the equation:

Accuracy — True Positives + True Negatives
Y= True Positives + False Positives + True Negatives + False Negatives

(21)

where True Positives are the number of positive samples that are correctly identified
as positive by the model, True Negatives are the number of negative samples that
are correctly identified as negative by the model, False Positives are the number of
negative samples that are incorrectly identified as positive by the model, and False
Negatives are the number of positive samples that are incorrectly identified as negative
by the model.

Precision: Precision, also known as a positive predictive value, measures the propor-
tion of the predicted true positive samples out of all predicted positive samples. The
precision metric’s importance is giving an indication of whether the model has aow
false positive rate based on a high precision score. It is calculated using the equation:

Precision True Positives (22)
1, =
True Positives + False Positives

Recall or Sensitivity: Recall, also known as sensitivity or true positive rate, measures
the proportion of the predicted positive samples out of the actual positive samples.
The recall metric is critical in applications such as medical diagnosis, where it is
essential to minimize false negatives. It is calculated using the equation:

True Positives
Recall = 2
eca True Positives + False Negatives (@3)

F1-score: The F1 -score is the harmonic mean of precision and recall that measures the
model’s accuracy in correctly identifying positive samples. The Fl-score is a valuable
metric for evaluating classification models, especially when the dataset is imbalanced,
and the goal is to ensure that the model performs well on both positive and negative
samples. It is calculated using the equation:

- 2 X precision X recall
~ precision + recall

(24)

Macro-averaged precision: The macro-averaged precision is calculated by taking the
average of the precision scores for each class. The equation for the macro-averaged
precision can be expressed as:

—_

TP,

n
Macro Avg Precision = = ) TP T FP
i i

3 (25)

where 1, TP;, and FP; are the total number of classes, the number of true positives for
class i, and the number of false positives for class 7, respectively.

Macro-averaged recall: The macro-averaged recall is calculated by taking the average
of the recall scores for each class. InaTeX, the equation for the macro-averaged recall
can be expressed as:

Z TP

1
M Avg Recall = — -
acro Avg Reca o 1; TP + EN,

(26)

where n, TP;, and FN; are the total number of classes, true positives for class i, and
false negatives for class i, respectively.
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*  Macro-averaged F1-score: The macro-averaged Fl-score is calculated by taking the
average of the Fl-scores for each class. The equation for the macro-averaged F1-score
can be expressed as :

i 2 x precision; x recall;

1
Macro Avg Fl-score = - (27)

/= precision; + recall;
where 7 is the total number of classes, and precision; and recall; are the precision and
recall values for class i, respectively.

*  Weighted-average precision: The weighted-average precision is calculated by taking
the weighted average of the precision scores for each class. The equation for the
weighted-average precision can be expressed as :

Zr[ 1 w;: X TP,'
. . i=1 Wi * TpIFP,
Weighted Avg Precision = RERY

(28)
i1 Wi

where n, TP;, FP;, and w; are the total number of classes, the number of true positives for
class 7, the number of false positives for class i, and the weight for class i, respectively.

*  Weighted averagerecall: The weighted average recall is calculated by taking the
weighted average of the recall scores for each class. The equation for the weighted-
average precision can be expressed as :

i i X Tpepw,

n

Weighted Avg Recall =
i=1Wi

(29)

where n,TP;, FN;, and w; are the total number of classes, the number of true positives for
class i, the number of false negatives for class i, and the weight for class 7, respectively.

*  Weighted-average F1-score: The weighted-average Fl-score is calculated by taking
the weighted average of the Fl-scores for each class. InaTeX, the equation for the
weighted-average F1-score can be expressed as :

Zn Y 2 x precision; x recall;
i=1 Wi precision; +recalli

Zl = 1”wi

Weighted Avg Fl-score = (30)
where n, precision;, recall;, and w; are the total number of classes, the precision values
for class i, recall values for class 7, and the weight for class 7, respectively.

4.4. Results and Analysis

In this paper, we proposed two models that are based on ELCTRA-base, SWIN-base,
and MLP for textual, visual, and fusion VQA phases. The first model parameters were
selected based on the best validation model performance in the training. The second
model is a fusion of three of the first model with different hyper-parameters based on the
greedy soup method. The proposed models are compared to the SOTA models proposed
by Tascon et al [5]. Tascon et al. [5] designed a VQA model that utilized ResNet101, LSTM,
and multi-glimpse attention for visual, textual, and fusion, respectively. They designed
a consistency loss function that penalizes the model if it answers the related questions
with inconsistent answers. They trained the model without attention, with attention, with
attention with SQuINT [83] configuration, and with attention and consistency loss. They
trained the models with the Adam optimization function with a learning rate of 1.0 x 10~*
and 64 batch size for 100 epochs with an early stop if there is no validation accuracy
enhancement for 20 epochs.

The proposed model is configured with a learning rate value of 0.0001, the default
value for the AdamW optimization function, and a batch size value of 32, which is usually
used in the field. In both techniques, the model outperforms the SOTA performance, which
has an accuracy of 83.49% , where it achieves an accuracy of 84.97% and 86.8% for the
two models, respectively. Table 2 presents the precision, recall, F1-score, macro average, and
weighted average accuracy for each class in the testing dataset for both models. In addition,
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they present the overall accuracy. The result appears that the model with the greedy soup
fine-tuning technique outperforms the traditional one. According to the confusion matrix
for both models in Figure 8, it can be clearly seen that the greedy soup model outperforms
the best-value-based model in predicting ‘0" and 'no” answers, whereas the best-value-
based model outperforms it in predicting ‘1" and ‘yes” answers. For the answer of grade
equal to ‘0’, although the greedy-soup-based model predicts correct answers more than the
best-value-based model, the latter achieves 100% precision, whereas the greedy-soup-based
model achieves 95.12% precision. This result shows that the best-value-based model can
predict that other answers are not ‘1’, but at the same time, it can not always predict the
answer ‘1" as ‘1, and that is why the recall of the answer ‘1’ in the greedy-soup-based
model is higher than that in the best-value-based model.

Table 2. The result of models using the greedy soup fine-tuning—batch size = 32, Ir = 1.0 x 104

Answer Precision Recall F1-Score Instances No.
0 0.9512 0.7959 0.8667 49
1 0.4091 0.6000 0.4865 15
2 0.8971 0.9104 0.9037 67
no 0.9057 0.8569 0.8806 650
yes 0.8354 0.8906 0.8621 530
accuracy 0.8680 1311
macro avg 0.7997 0.8108 0.7999 1311
weighted avg 0.8729 0.8680 0.8693 1311
ol 38 & 2 o o 0{ 39 7 3 0 0
1 0 12 3 0 0 1- -z 2 & g g
§ 2 0 6 61 0 0 221 © d G D 0
= E
3 o o o oD 37 0 0 0 93
P 0 0 57 a{ o 0 0 58
’ I ; : 3 0 1 2 3 3
Predicted label Predicted label
(a) The best validation accuracy (b) The greedy soup

Figure 8. The model confusion matrix for models with different fine-tuning method.

Overall, since the dataset is unbalanced, the macro average and weighted average
performance are more precise than those metrics, which compute the performance ignoring
the variance between the answers numbers in the dataset. Therefore, comparing the
two methods based on the macro average and weighted average performance is considered.
The average macro precision, recall, and F1-score are 81.38 vs. 79.97, 83.88 vs. 81.08, and
8123 vs. 79.99 for the best-value-based and greedy-soup-based models, respectively. On
the other hand, the average weighted precision, recall, and F1-score are 85.98 vs. 87.29,
84.97 vs. 86.80, and 85.15 vs. 86.93 for the best-value and greedy-soup-based models,
respectively. Figure 9 presents the validation performance for both model fine-tuning
techniques. The best-value-based model achieves higher average macro performance than
the greedy-soup-based models, whereas the greedy-soup-based model achieves higher
weighted average performance and overall accuracy than the first model. Therefore,
the greedy-soup-based model is more significant than the best-value-based model for
two reasons. The first reason is that the weighted average metric considers the unbalanced
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dataset and gives each class weight based on how much that class appears. The second
reason is that accuracy is the metric computed on the SOTA med-VQA.

The model is optimized based on learning rate and batch size hyper-parameters.
Since no rule indicates the best values assigned for the hyper-parameters, we select the
best learning rate from the learning rate set 1.0 x 107>, 8.0 x 1075, 9.0 x 1075, 1.0 x 1074,
2.0 x 1074,3.0 x 1074, and 1.0 x 10 3. This set is selected based on the default value of
AdamW and experiments. The AdamW default value is 1.0 x 10~%. The selecting technique
we follow starts from the default learning rate of AdamW then decreases the value by
0.00001 and trains the model. We repeat decreasing the value until there is no model
performance enhancement for two sequential values compared to the model performance
in the default value learning rate. We follow the same method by increasing the learning rate
value by 0.0001 until there is no significant model performance for two sequential values.
This technique produces 8.0 x 107,9.0 x 107°,1.0 x 1074,2.0 x 107, and 3.0 x 10~%. Then
the edge values are considered as well, which are 1.0 x 10~° and 1.0 x 1073 . The model is
trained for all learning rates with a batch size of 32. The selection of the best learning rate
is based on overall accuracy. The model accuracies for the seven experiments with learning
rates of 1.0 x 1072, 8.0 x 107°,9.0 x 107>, 1.0 x 107%,2.0 x 107#,3.0 x 107*,and 1.0 x 103
are 85.74%, 86.04%, 85.81%, 86.8%, 84.97%, 66.67%, and 64.61%, respectively. The learning
rate of value 1.0 x 10~# is selected because it achieved the highest performance. The results
of the other metrics for all experiments are presented in Tables 3-9. The confusion matrices
present the number of each answer predicted correctly or mistakenly, which are shown in
Figure 10. The accuracy chart for validation is shown in Figure 11, whereas the validation
loss and Train loss is in Figures A1 and A2.

Val accuracy

0.88
0.86
0.84
1000 1500 2000 2500 3000 Step 500 1000 1500 2000 2500 3000 Step
(a) The best validation accuracy (b) The greedy soup

Figure 9. The model validation accuracy for models with different fine-tuning methods. The lighter line
in the graph represents the validation accuracy, whereas the bold line is the smoothed validation accuracy.

Table 3. The result of models using the greedy soup fine-tuning—batch size = 32, Ir = 9.0 x 107°.

Answer Precision Recall F1-Score Instances No.
0 0.8723 0.8367 0.8542 49
1 0.4286 0.4000 0.4138 15
2 0.8714 0.9104 0.8905 67
no 0.9012 0.8415 0.8703 650
yes 0.8202 0.8868 0.8522 530
accuracy 0.8581 1311
macro avg 0.7787 0.7751 0.7762 1311

weighted avg 0.8604 0.8581 0.8582 1311
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Table 4. The result of models using the greedy soup fine-tuning—batch size = 32, Ir = 8.0 x 107°.

Answer Precision Recall F1-Score Instances No.

0 0.9048 0.7755 0.8352 49

1 0.3500 0.4667 0.4000 15

2 0.8841 0.9104 0.8971 67

no 0.8942 0.8585 0.8760 650

yes 0.8345 0.8755 0.8545 530
accuracy 0.8604 1311
macro avg 0.7735 0.7773 0.7725 1311
weighted avg 0.8637 0.8604 0.8614 1311

Table 5. The result of models using the greedy soup fine-tuning—batch size = 32, Ir = 2.0 x 104

Answer Precision Recall F1-Score Instances No.

0 0.8936 0.8571 0.8750 49

1 0.4615 0.4000 0.4286 15

2 0.8732 0.9254 0.8986 67

no 0.8738 0.8523 0.8629 650

yes 0.8242 0.8491 0.8364 530
accuracy 0.8497 1311
macro avg 0.7853 0.7768 0.7803 1311
weighted avg 0.8497 0.8497 0.8495 1311

Table 6. The result of models using the greedy soup fine-tuning—batch size = 32, Ir = 3.0 x 1074,

Answer Precision Recall F1-Score Instances No.

0 0.6622 1.0000 0.7967 49

1 0.0000 0.0000 0.0000 15

2 0.9636 0.7910 0.8689 67

no 0.7727 0.5231 0.6239 650

yes 0.5822 0.8151 0.6792 530
accuracy 0.6667 1311
macro avg 0.5961 0.6258 0.5937 1311
weighted avg 0.6925 0.6667 0.6581 1311

Table 7. The result of the best-value model with batch size = 32 and Ir = 1.0 x 10~3.

Answer Precision Recall F1-Score Instances No.

0 0.7119 0.8571 0.7778 49

1 0.0000 0.0000 0.0000 15

2 0.8194 0.8806 0.8489 67

no 0.7634 0.4815 0.5906 650

yes 0.5623 0.8170 0.6662 530
accuracy 0.6461 1311
macro avg 0.5714 0.6073 0.5767 1311
weighted avg 0.6743 0.6461 0.6346 1311

Table 8. The result of the best-value model with batch size = 32 and Ir = 1.0 x 10~5.

Answer Precision Recall F1-Score Instances No.
0 0.8000 0.8980 0.8462 49
1 0.8000 0.2667 0.4000 15
2 0.8592 0.9104 0.8841 67
no 0.8819 0.8615 0.8716 650

yes 0.8349 0.8585 0.8465 530




Appl. Sci. 2023,13, 9735 18 of 33

Table 8. Cont.

Answer Precision Recall F1-Score Instances No.
accuracy 0.8574 1311
macro avg 0.8352 0.7590 0.7697 1311
weighted avg 0.8577 0.8574 0.8557 1311
04 42 4 3 4] 4] 0 49 0 0 0 0
14 3 6 6 4] 4] 1 13 0 2 0 0
o v
o =}
= 24 2 3 62 4] 4] = 21 12 0 53 2 0
L) 1)
2 >
= =
34 0 0 4] 31 0 0 0
4 0 0 0 44 0 0 0
0 1 2 0 1 2
Predicted label Predicted label
(a) learning rate = 2.0 x 1074 (b) learning rate = 3.0 x 1074
0o{ 41 4 4 0 0 o{ 38 9 2 0 0
1{ 4 6 5 0 0 1{ 2 7 6 0 0
@ 3
=} =2
Ea24 2 4 61 0 0 224 2 4 61 0 0
[ w
= =]
E =
3{ o 0 0 103 3{ o 0 0 92
a4 0 0 0 60 a{ o 0 0 66
0 1 2 3 a 0 1 2 3 2
Predicted label Predicted label
(c) learning rate = 9.0 x 1075 (d) learning rate = 8.0 x 1075
o] 42 0 7 0 0 o1 4 1 4 0 0
1{ 9 0 6 0 0 1{ 5 4 6 0 0
@ o
e} =
Z24 8 0 59 0 0 224 6 0 61 0 0
[ w
= =]
E =
3{ 0 0 0 3{ o 0 0 %0
a4 0 0 0 a{ o 0 0 75
0 1 2 0 1 2 3 2
Predicted label Predicted label
(e) learning rate = 1.0 x 1073 (f) learning rate = 1.0 x 1075

Figure 10. The confusion matrices of models with different learning rates and batch size = 32.
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Table 9. The result of the best-value model fine-tuned based on the best validation accuracy—batch
size =32, Ir = 1.0 x 10~ weight.

Beat-Value-Based Model Greedy-Soup-Based Model
Answer Samples No.
Precision Recall F1-Score Precision Recall F1-Score
0 1.000 0.7755 0.8736 0.9512 0.7959 0.8667 49
1 0.4444 0.8000 0.5714 0.4091 0.6000 0.4865 15
2 0.9242 0.9104 0.9173 0.8971 0.9104 0.9037 67
no 0.9029 0.8154 0.8569 0.9057 0.8569 0.8806 650
yes 0.7976 0.8925 0.8424 0.8354 0.8906 0.8621 530
Accuracy 0.8497 0.8680 1311
macro avg 0.8138 0.8388 0.8123 0.7997 0.8108 0.7999 1311
weighted avg 0.8598 0.8497 0.8515 0.8729 0.8680 0.8693 1311
Val accuracy Val accuracy
0.70 0.88
0.65
0.86
0.60
0.84
0.55
0.82
0.50
200 400 600 800 1000 1200 1400 1600 Step 200 600 1000 1400 1800 2200 Step
(a) learning rate = 1.0 x 1073 (b) learning rate = 3.0 x 10~4
Val accuracy
val_accuracy
0.88 0.88
0.86
0.86
0.84
0.82 0.84
200 600 1000 1400 1800 2200 Step 500 1000 1500 2000 5200 3000
(c) learning rate = 2.0 x 1074 (d) learning rate = 1.0 x 10~4
Val accuracy Val accuracy
0.87 0.87
0.86
0.86
0.85
0.84 0.85
0.83 0.84
0.82
0.83
500 1000 1500 2000 2500 3000 Step 200 600 1000 1400 1800 2200  Step
(e) learning rate = 9.0 x 1072 (f) learning rate = 8.0 x 1072

Figure 11. Cont.
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(g) learning rate = 1.0 x 1075

Figure 11. The model optimization using different learning rates and batch size = 32. The lighter line in
the graph represents the validation accuracy, whereas the bold line is the smoothed validation accuracy.

The model is optimized for batch size based on the learning rate (1.0 x 10~%), allowing
the model to achieve the highest accuracy in the previous experiments. The model is
trained with various batch sizes, 16, 32, 64, 128. The selection of the best batch size is
based on overall accuracy. The model accuracies for the four experiments with a batch
size of 16, 32, 64, and 128 are 87.41%, 86.8%, 83.45%, and 84.13%, respectively. The batch
size of value 16 is selected. The result of other metrics for all experiments is presented in
Tables 3 and 10-12. The confusion matrices present the number of each answer predicted
correctly or mistakenly, which are shown in Figure 12. The accuracy chart for validation is
shown in Figure 13, whereas the validation loss and Train loss is in Figures A3 and A4.

Table 10. The result of the the model with batch size = 16 and Ir = 1.0 x 10~%.

Answer Precision Recall F1-Score Samples No.

0 0.8913 0.8367 0.8632 49

1 0.4000 0.5333 0.4571 15

2 0.9077 0.8806 0.8939 67

no 0.8703 0.9185 0.8937 650

yes 0.8927 0.8321 0.8613 530
accuracy 0.8741 1311
macro avg 0.7924 0.8002 0.7939 1311
weighted avg 0.8767 0.8741 0.8745 1311

Table 11. The result of the the model with batch size = 64 and Ir = 1.0 x 10~%.

Answer Precision Recall F1-Score Samples No.
0 0.9750 0.7959 0.8764 49
1 0.4706 0.5333 0.5000 15
2 0.8514 0.9403 0.8936 67
no 0.9011 0.7846 0.8388 650
yes 0.7720 0.8943 0.8287 530
accuracy 0.8345 1311
macro avg 0.7940 0.7897 0.7875 1311

weighted avg 0.8442 0.8345 0.8350 1311
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Table 12. The result of the the model with batch size = 128 and Ir = 1.0 x 10~%.
Answer Precision Recall F1-Score Samples No.
0 0.9730 0.7347 0.8372 49
1 0.3684 0.4667 0.4118 15
2 0.8400 0.9403 0.8873 67
no 0.9089 0.7985 0.8501 650
yes 0.7849 0.9019 0.8393 530
accuracy 0.8413 1311
macro avg 0.7750 0.7684 0.7652 1311
weighted avg 0.8515 0.8413 0.8422 1311
0{ 41 2 0 0 0o{ 39 7 3 0 0
1{ 3 4 0 0 1{ 2 9 4 0 0
2 z
224 2 59 0 0 224 o 6 61 0 0
2 2
= =
34 o 0 53 341 o 0 0 93
a{ 0 0 89 44 0 0 0 58
0 2 3 a 0 1 2 3 4
Predicted label Predicted label
(a) batch size = 16 (b) batch size = 32
0{ 39 5 0 0 0{ 36 9 4 0 0
1{ 1 6 0 0 1{ o0 7 8 0 0
2 i
f 24 0 63 0 0 f 24 1 3 63 0 0
= =
341 o 0 140 341 o 0 0
a{ o 0 56 a4 0 0 0
0 2 3 a 0 1 2

(c) batch size = 64

Predicted label

Predicted label

(d) batch size = 128

Figure 12. The confusion matrices of models with different batch sizes and learning rate = 1.0 x 1074,
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Figure 13. The model optimization using different batch sizes and learning rate = 1.0 x 10~%. The
lighter line in the graph represents the validation accuracy, whereas the bold line is the smoothed
validation accuracy.

An experiment of the best-value model with the same hyper-parameters (16 batch
size and 1.0 x 10~ learning rate) of the best model based on the fusion of three models
with the same seed (42) is conducted to show the effectiveness of the model based on
the weights fusion of multiple fine-tuned models. Table 13 shows the performance of the
best-value model with batch size 16 and learning rate 1.0 x 10~* . In addition, Figure 14
shows the confusion matrix and validation accuracy. The metrics used for the comparison
are accuracy, which is the metric usually used in medical VQA, and weighted average,
precision, recall, and Fl-score, as a result of the unbalanced dataset with a massive variance
of the example number in each class. Table 14 shows the results of four models, two
best-value models and two fused models. Figure 15 presents the comparison chart showing
how the greedy soup model can produce more significant results than the model based on
the best validation performance with the same computation cost O(1) for the investigated
problem. The greedy soup model with batch size 32 and learning rate 1.0 x 10~ enhances
the performance of the best-value model with the same batch size and learning rate values
by 1.83%, 1.31%, 1.83%, and 1.78% for accuracy, weighted average precision, weighted
average recall, and weighted average Fl-recall, respectively. The models trained with batch
size 16 and learning rate 1.0 x 10~* have enhanced accuracy, weighted average precision,
weighted average recall, and weighted average Fl-recall. The greedy soup model with
batch size 16 outperforms the best-value model with the same 16 batch size by 1.67%, 1.27%,
1.67%, and 1.51% for accuracy, weighted average precision, weighted average recall, and
weighted average Fl-recall, respectively.
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Table 13. The result of the the best-value model with batch size = 16 and Ir = 1.0 x 10~%.
Answer Precision Recall F1-Score Samples No.

0 0.9231 0.7347 0.8182 49

1 0.3077 0.5333 0.3902 15

2 0.9091 0.8955 0.9023 67

no 0.8952 0.8538 0.8740 650

yes 0.8304 0.8774 0.8532 530
accuracy 0.8574 1311
macro avg 0.7731 0.7790 0.7676 1311
weighted avg 0.8640 0.8574 0.8594 1311

Table 14. A comparison between the best-value model and the greedy soup model in different batch
size values.

(a) Confusion Matrix

Model Accuracy Weights Avg Precision Weights Avg Recall Weights Avg F1-Score
bv-32-1.0 x 1074 84.97 85.98 84.97 85.15
bv-16-1.0 x 1074 85.74 86.40 85.74 85.94
gs-32-1.0 x 1074 86.80 87.29 86.80 86.93
gs-16-1.0 x 1074 87.41 87.67 87.41 87.45
o4 36 12 1 0 0
14 2 8 & 0 0 Val Accuracy

© 0.88
o 21 1 6 60 0 0 0.87
" 0.86
3{ o0 0 0 95 0.85
0.84

a{ o 0 0 65 0.83
0.82

0 1 2 3 4
Predicted label 500 1500 2500 3500 4500 5500 Step

(b) Validation Accuracy

Figure 14. The best-value model with batch size = 16 and learning rate = 1.0 x 10~4.

According to all experiments, seven models exceed the SOTA accuracy, which is
83.49%. Those models are the best-value-based model with batch size 32 and learning rate
of 1.0 x 10~# (84.97%), the best-value-based model with batch size 16 and learning rate of
1.0 x 10~* (85.74%), the greedy-soup-based model with batch size 16 and learning rate of
1.0 x 10~* (87.41%), the greedy-soup-based model with batch size 32 and learning rate of
9.0 x 107> (85.81%), the greedy-soup-based model with batch size 32 and learning rate of
8.0 x 1072 (86.04%), the greedy-soup-based model with batch size 32 and learning rate of
2.0 x 107 (84.97%), the greedy-soup-based model with batch size 32 and learning rate of
1.0 x 10~* (86.8%), the greedy-soup-based model with batch size 128 and learning rate of
1.0 x 10™* (84.13%), and greedy-soup-based model with batch size 32 and learning rate
of 1.0 x 1075 (85.74%). The greedy-soup-based model with batch size 64 and a learning
rate of 1.0 x 10~* achieves an accuracy of 83.45%, which is not far from the SOTA accuracy.
Table 15 compares the results of the 12 models based on overall accuracy, average macro
precision, average macro recall, average macro Fl-score, weighted average precision,
weighted average recall, and weighted average Fl-score. Figures 11, 13, and 14 show the
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chart of the 12 models’ validation accuracy. Tables 14-16 refer to the best-value-based and
greedy-soup-based models with bv-batch-Ir and gs-batch-Ir, respectively, where batch and
Ir are replaced with batch size and learning rate values. For example, the model gs-128-4 is
the model that is fine-tuned with the greedy soup method and training in batch size 128

and a learning rate of 1.0 x 1074 .

Figure 15. The comparison between best-value model and greedy soup model with different batch

88
87.5
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86.5

~

8

o))

85.5

[+3]
wu

84.5

o]
B

83.5

Best Value Model vs. Greedy Soup Model

Accuracy

Weights avg precision

m bv-32-1.0x10*

size (16 and 32).

Performance

m bv-16-1.0x10*

Weights avg recall

W gs-32-1.0x10"

Weights avg F1-score

m gs-16-1.0x10*

Table 15. The result of the model with different batch sizes and learning rates.

Avg. Avg. Avg. Weighted  Weighted  Weighted
Model Accuracy Macro Macro Macro Avg. Avg. Avg.

Precision Recall F1-Score Precision Recall F1-Score
bv-32-1.0 x 104 0.8497 0.8138 0.8388 0.8123 0.8598 0.8497 0.8515
bv-16-1.0 x 104 0.8574 0.7731 0.7790 0.7676 0.8640 0.8574 0.8594
gs-32-1.0 x 1074 0.868 0.7997 0.8108 0.7999 0.8729 0.8680 0.8693
£s-32-9.0 x 107° 0.8581 0.7787 0.7751 0.7762 0.8604 0.8581 0.8582
gs-32-8.0 x 107° 0.8604 0.7735 0.7773 0.7725 0.8637 0.8604 0.8614
gs-32-2.0 x 1074 0.8497 0.7853 0.7768 0.7803 0.8497 0.8497 0.8495
gs-32-3.0 x 1074 0.6667 0.5961 0.6258 0.5937 0.6925 0.6667 0.6581
gs-32-1.0 x 1073 0.6461 0.5714 0.6073 0.5767 0.6743 0.6461 0.6346
gs-32-1.0 x 107° 0.8574 0.8352 0.7590 0.7697 0.8577 0.8574 0.8557
gs-16-1.0 x 1074 0.8741 0.7924 0.8002 0.7939 0.8767 0.8741 0.8745
gs-64-1.0 x 1074 0.8345 0.7940 0.7897 0.7875 0.8442 0.8345 0.8350
gs-128-1.0 x 1074 0.8413 0.7750 0.7684 0.7652 0.8515 0.8413 0.8422
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Table 16. The result comparison with the SOTA.
Model Overall Grade Whole Macula Region

SOTA [5] 83.49 80.69 84.96 87.18 83.16
bv-32-1.0 x 1074 84.97 84.73 90.84 85.29 83.22
bv-16-1.0 x 1074 85.74 79.39 90.84 83.21 86.27
gs-128-1.0 x 1074 84.13 80.92 90.08 88.55 83.12
gs-32-1.0 x 107> 85.74 83.21 90.08 87.79 85.19
gs-32-1.0 x 10~* 86.8 83.21 92.37 90.84 85.95
gs-16-1.0 x 10~* 87.41 82.44 88.55 87.02 88.02
gs-32-2.0 x 10~* 84.97 83.97 87.02 89.31 84.20
£s-32-9.0 x 107> 85.81 82.44 89.31 88.55 85.40
gs-32-8.0 x 107> 86.04 80.92 89.31 89.32 85.84

Tascon et al. [5] evaluated the SOTA models with different question categories: overall,
which is the whole dataset; grade, which refers to the questions about the diabetic macula
edema grade; whole, which is a question about the existence of exudates in the whole
image; macula, which refers to the fovea in the dataset; and region, which is a question
about specific region in the image. The research follows the same evaluation to make a
fair comparison with the SOTA model. Table 16 compares the SOTA and the nine models
outperforming it based on the accuracy evaluation metric. All models based on greedy
soup outperform the SOTA performance in terms of overall, whole, grade, and macula. The
SOTA achieved higher region accuracy than the greedy soup model trained in 128 batch
size and 1.0 x 10~* learning rate with a slight difference of 0.04, where the SOTA model
achieved 83.12%, and the gs-128-1.0 x 10~ model achieved 83.12%. Therefore, seven fusion
models based on greedy soup exceed the SOTA model. Even the bv-32-1.0 x 10~* model
achieved the highest grade accuracy; its overall accuracy is less than five fusion models
based on greedy soup, which are gs-16-1.0 x 1074, gs-32-1.0 x 107#, g5-32-9.0 x 1072,
gs-32-8.0 x 1072, and gs-32-1.0 x 1073, and it has the same accuracy as gs-32-2.0 x 10~4.
Figure 16 shows the comparison of the SOTA model and the proposed nine models in terms
of overall, whole, grade, region, and macula.

Proposed Models Comaprison with SOTA

95
93
91
89
8
8

0]
L S LY 2 BN |

8
7
7

~N w0

overall grade whole macula region

mSOTA M by.32-1.0x104 ™ gs-16-1.0x10* mgs-128-1.0x10"* m gs-32-1.0x103
gs-32-1.0x10* m gs-16-1.0x10* m gs-32-2.0x10* m gs-32-9.0x10° m gs-32-8.0x10°

Figure 16. The comparison between the SOTA model and the proposed models.
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5. Conclusions

Visual question answering (VQA) is a task that involves generating or predicting
an answer to a question about visual images in human language. This task combines
two branches of Al, namely, NLP and computer vision, and is an active field of research.
However, in the medical field, VQA is still in its early stages and requires extensive efforts
and exploration to become practically useful.

This paper presents two VQA models in the medical field. The models utilized the
most current transformers for vision and language. Using a transformer instead of the
visual CNN pre-trained model reduces the variation between the textual and visual fea-
tures. ELECTRA-base and SWIN-base are utilized for textual and visual feature extraction.
The model enhances the SOTA performance. The first model, the best-value-based model,
fine-tuned the parameters based on the model that achieved the highest validation accu-
racy during training. The second model, the greedy-soup-based model, fine-tuned the
parameters based on the greedy soup technique, where the parameters are the average
of parameters that significantly impact the validation accuracy during the training. On
the other hand, the model fused three best-value-based models with different training
step numbers, leading to different models” weights. The best-value-based model achieved
84.97% accuracy, which outperformed the SOTA accuracy, which is 83.49%. Using greedy
soup to select the model parameters enhances the model performance from 84.97% to
86.8%. Since the dataset is unbalanced, weighted average precision, recall, and F1-score
were calculated. The greedy-soup-based model outperformed the best-value-based model
in all calculated performances.

The greedy-soup-based model was optimized for batch size and learning rate with val-
ues 16,32, 64, 128 and 8.0 x 1075,9.0 x 1075, 1.0 x 1074,2.0 x 1074, 3.0 x 1074, respectively.
The best model performance was achieved when the batch size was 16 and the learning rate
was 1.0 x 10~%, with an accuracy of 87.41%. The other two models that exceeded the SOTA
accuracy were the model with batch size 32 and learning rate 1.0 x 10~° and the model
with batch size 128 and learning rate 1.0 x 10~4, with accuracy values of 85.74 and 84.13,
respectively. Furthermore, the accuracy for question types and locations were calculated
separately and compared with the SOTA.

Since there is no rule for hyper-parameters values, an optimization technique, such
as a genetic algorithm, can significantly improve the model performance by selecting the
optimal ones. Collecting large datasets in the medical field for VQA is complex and requires
a long time because specialists are needed to validate the question-answer pairs and the
images. In future work, we aim to collect and validate vast data with the help of specialists.
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Figure A1l. The model validation loss using different learning rates and batch size = 32.



Appl. Sci. 2023,13, 9735 28 of 33

train loss
Train-loss 0.80
0.60 0.60
0.40 0.40
0.20 0.20
0 500 1000 1500 2000 2500 3000 Step 0 400 800 1200 1600 2000 2400 Step
(@ Ir=10x10"*% (b) Ir=2.0x10"*
train loss train loss
0.70 |
0.80
0.50
0.70
0.60 0.30
0.50 0.10
0 200 400 600 800 1000 1200 1400 1600 Step 0 500 1000 1500 2000 2500 3000  Step
(¢) Ir=30x10"* (d) Ir=9.0x 1075
train loss train loss
0.70 \ 1.80
0.50 1.60
0.30 1.20
0.10 0.80 [\'\
A
0 400 800 1200 1600 2000 2400 Step 0 200 400 600 800 1000 1200 1400 1600 Step
(e) Ir=8.0x107° (f) r=1.0x1073
train loss
0.80
0.60
0.40
0.20

0 100 200 300 400 500 600 700 800 Step

(g) Ir=1.0x 107>

Figure A2. The model training loss using different learning rates and batch size = 32.
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Figure A3. The model validation loss using different batch sizes and Ir = 1.0 x 10~%.
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Figure A4. The model training loss using different batch sizes and Ir = 1.0 x 1074,
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