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Abstract

In recent years, one of the most widely studied areas in computer vision and natural language processing (NLP) is
the interdisciplinary problem of Visual Question Answering (VQA), which involves the integration of computer
vision and NLP. In VQA systems, an image and a text-based question about the image serve as inputs, and the system
must predict the correct answer to the question. The main objective of these systems is to maximize the accuracy of
correct answer predictions.

Important challenges in this field include the need for large and suitable datasets as well as powerful hardware for
training the model. Key factors to improve the performance of these models include selecting the appropriate neural
network for processing the inputs, selecting the appropriate dataset, and the method of combining the features
extracted from the inputs. Also, using different attention mechanisms can improve the overall performance of the
system. Furthermore, incorporating various attention mechanisms into the model can significantly enhance the
overall performance of VQA systems. In these systems, different neural networks are employed to process inputs:
convolutional neural networks (CNNs) with various architectures are used for image processing, and different types
of recurrent neural networks (RNNs) are used for text processing.

In this research, the architecture of the convolutional neural network is changed and the self-attention mechanism is
used in text processing and the Skipgram language model is used for embedding the input text. The performance of
the proposed model is evaluated on two datasets, VQA 1.0 and VQA 2.0. The results show that the proposed model
has been able to increase the overall accuracy in the VQA 1.0 dataset to 67.25% and in the VQA 2.0 dataset to
61.57%, showing significant improvement over the baseline models.

i
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1. Introduction

Currently, one of the most widely researched topics in artificial intelligence is VQA. VQA involves
integrating both computer vision and natural language understanding (NLU). In these systems, an image
and a text-based question about the image are used as inputs, and the system is responsible for automatically
answering the question and predicting the correct answer. The integration of computer vision and NLU is
crucial for this task [1]. The use of appropriate neural networks to process input data, along with selecting
suitable datasets, are two critical factors that significantly enhance the accuracy of final predictions.
Furthermore, how to integrate the features and representations obtained from inputs is a vital issue in these
systems. Due to the high efficiency, importance, and attractiveness of this topic, many researchers have
conducted studies to improve the accuracy of these systems, yielding positive outcomes. Various neural
networks can be utilized in VQA systems. Both image processing and text processing benefit from different
neural networks to ensure high accuracy of the outputs. Their efficiency in processing inputs has led to their
widespread adoption. In addition, different neural networks, such as CNNs and various types of RNN,
different attention mechanisms and transformers can be used to increase output accuracy. Many studies
show that these approaches significantly improve the accuracy of predicted answers in VQA models [2, 3].
Some of the challenges in this field include the need for appropriate hardware to train the models, the
integration of features and representations derived from the question and image to achieve a common
representation, and the selection of suitable neural networks and datasets. Today, computer vision and NLP
play a crucial role across various domains, assisting human beings in diverse fields. As mentioned earlier,
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VQA requires the integration of computer vision and NLP and has numerous applications in different areas.
For example, in the medical industry, VQA systems can be used to facilitate certain tasks, making processes
easier for both doctors and patients.

Additionally, these systems can be highly beneficial for blind and visually impaired individuals who
struggle to recognize details in images, helping them comprehend visual content and extract important
information. More broadly, VQA systems are essential for tasks that require image-based information
retrieval, where users can extract relevant details through natural language questions. Figure 1, illustrates
the general schematic of a visual question answering model. This model takes an image and a question as
inputs and predicts the appropriate answer.

VQA (Visoal Question Answering)

VQA System bananas

What is the mustache made of?

Figure 1: General schematic of visual question and answer system [3]

While the VQA dataset has enabled significant progress in visual question answering, ongoing researches
continue to enhance the effectiveness of reasoning capabilities, linguistic diversity, and multimodal
understanding. This study contributes a model based on recent advances in attention mechanisms and deep
visual representation.

1.1  Challenges
In recent years, deep learning has excelled in solving various types of problems. The concept of deep
learning is inspired by the functioning of the human brain. With the help of new technologies, it has
achieved various successful results in artificial intelligence and machine learning. For deep learning,
datasets and neural networks are two essential components [4]. Word embedding is a dense representation
of words in the form of numerical vectors that can be learned by various linguistic models. Word embedding
representations can reveal many hidden relationships between different words [5]. The objective function
of word2vec ensures that words with the same concept and meaning have similar embeddings [6, 7]. This
algorithm uses the following two methods to create word vectors:
Continuous Bag of Words (CBOW): When this method is applied to all the words in the text, the final
word vectors become the target vectors [6].
Skip-gram: Algorithmically, the CBOW and Skip-gram methods are similar. The main difference is that
CBOW predicts the target words from the input context, while Skip-gram works in the opposite direction,
predicting context words from the target word [6].
Convolutional Neural Networks (CNNs) are among the most influential architectures in deep learning,
particularly for visual recognition tasks. A standard CNN consists of convolutional layers, pooling layers,
and fully connected layers, each responsible for extracting and transforming features at different levels of
abstraction. While traditional CNNs operate in a purely feedforward manner, feedback CNNs introduce
recurrent or top-down connections that allow the network to refine its internal representations over multiple
iterations. This feedback mechanism enables the model to incorporate contextual information and adjust its
predictions dynamically, which has shown to improve performance in complex tasks such as object
recognition, scene understanding, and segmentation. These enhancements are particularly valuable in
scenarios where initial predictions may be ambiguous or incomplete, allowing the model to "rethink" its
interpretation of the input data [8, 9]. This network was inspired by experiments on the visual cortex, with
its architecture simulating the pattern of connections between neurons in the brain. The features obtained
by the convolutional layers are combined by the fully connected layer to form a feature vector, which is
then passed to a Softmax function to predict the correct class [10]. The number of outputs of this layer
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matches the number of available classes [11]. Batch normalization is typically applied after a convolutional
or fully connected layer and before the non-linear activation function. As discussed by Szandata [12], the
placement of activation functions significantly influences the performance of deep neural networks. Batch
normalization helps stabilize the distribution of inputs to these activation functions, which in turn improves
their effectiveness. By reducing internal covariate shift, batch normalization enables the use of higher
learning rates and mitigates sensitivity to weight initialization, ultimately accelerating training and
enhancing model accuracy.

Although batch normalization is widely used to stabilize and accelerate training in deep neural networks,
its direct impact on final model accuracy remains a subject of debate. As reviewed by Szandata [12], the
effectiveness of activation functions is closely tied to the distribution of their inputs, which batch
normalization helps regulate. However, some studies suggest that the primary benefit of batch
normalization lies in enabling higher learning rates and smoother optimization, rather than consistently
improving accuracy. Therefore, while BN contributes to training efficiency, its influence on accuracy may
vary depending on the architecture and task.

Recurrent Neural Networks (RNNs), with their capacity to capture sequential dependencies, are widely
applied in natural language processing (NLP), speech recognition, and other tasks involving ordered input
data. While Li et al. [13] utilized n-gram-based models instead of RNNs, their study underscores the
significance of sequence modeling in producing coherent image descriptions. While RNNs are adept at
learning short-term dependencies, they struggle with long-term time series. To address this issue, the Long
Short-Term Memory (LSTM) architecture was introduced by modifying the network's design [14]. LSTMs
can process and classify long-term data that requires historical information and time series with delays.
This network trains models using backpropagation [14].

Bidirectional Long Short-Term Memory (Bi-LSTM) is a type of RNN. Unlike unidirectional LSTMs, Bi-
LSTMs process data in two directions by utilizing two hidden layers. This network maintains the temporal
order of words in a text, enabling it to ignore unnecessary words using the forget gate [15]. Currently, the
attention mechanism is used in both NLP and computer vision. For instance, when people read a text to
understand, they do not pay attention to every word but focus on specific words to grasp the meaning.
Accordingly, the attention mechanism was developed to enable neural networks to mimic human behavior
[16]. By using the attention mechanism, the points and areas of an image related to a question can be
identified as prominent. Further processing by neural networks on these points and areas allows for
predicting the appropriate answer. Additionally, the attention mechanism can be used to better process input
text in VQA systems. In fact, models using the attention mechanism to solve image question-answer
problems can apply this mechanism to the image, the question, or both simultaneously [17]. In VQA
systems, an image and a question in natural language are provided as inputs. The VQA system attempts to
predict the appropriate answer based on these inputs, using the visual elements of the image and inferences
derived from the question [18]. The main challenge in these systems is successfully combining the
representations produced for the input image and question using different neural networks to predict the
correct answer [19].

Approaches based on hybrid models with modular structures enable the determination of appropriate
architectures to answer questions according to the incoming query. Among these hybrid models, we can
mention those based on dynamic memory networks (DMNs) [19].

The QA-COCO dataset includes 123,268 images, with 72,783 used for training and 38,948 for testing. Each
image is paired with a question and an answer. The questions in this dataset fall into four categories: object,
color, number, and location. Six percent of the questions in the QA-COCO dataset have one-word answers,
which simplifies evaluation. However, one of the limitations of this dataset is the presence of numerous
grammatical errors in the questions [20].

The VQA 1.0 dataset represents the initial release of the Visual Question Answering benchmark, utilizes
images sourced from the QA-COCO dataset. It comprises 204,721 images, each paired with three questions.
For every question, ten human-provided answers are included, enabling robust evaluation of model
performance across diverse linguistic interpretations [21].

The VQA 2.0 dataset is the second version of the VQA dataset. It also contains 204,721 images from the
QA-COCO dataset, but includes 110,504 questions. There are between three and five questions per image,
with ten answers available for each question [21].
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2. Related works

Ma et al. [22] proposed a CNN-based framework to predict answers in Visual Question Answering (VQA)
systems, demonstrating the effectiveness of convolutional features in understanding image content and
aligning it with natural language queries. Unlike most models in this field, the proposed model does not
use RNNs, but relies only on a set of CNNs. This model comprises three CNNs. The first CNN extracts
some features from the input image using a 16-layer Net-VGG type architecture [8] to generate a
representation of the image. Another CNN processes the input text where initially, the words (questions)
of the input text are embedded using the Skipgram model [6]. Then, convolutional layers followed by max-
pooling layers process the input text, extract its features, and generate a representation of the text. The
schematic of the CNN used for text processing is shown in Figure 2.
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Figure 2: Convolutional neural network (CNN) schematic for input text processing [22]

Using these representations, a multi-modal CNN generated a joint embedding by combining features from
both the input text and image. In this framework, ResNet [10] was employed as the visual feature extractor.
The resulting fused representation was passed through a Softmax layer to predict the most probable answer.
To evaluate the performance of this model, the QA-COCO dataset and DAQUAR datasets [20] were used.
This model achieved 54.40% accuracy on the QA-COCO dataset and 42.76% accuracy on the DAQUAR
dataset for single-word responses. The framework of the proposed model is shown in Figure 3.
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Figure 3: Architecture of the proposed model to predict the response [22]

Malinowski et al. [23] proposed a neural-based framework that combined Convolutional Neural Networks
(CNNps) for visual feature extraction with Recurrent Neural Networks (RNNs), specifically Long Short-
Term Memory (LSTM) units, to model sequential dependencies in textual questions. This architecture
enabled the system to jointly reason over image and language modalities, effectively predicting answers in
Visual Question Answering (VQA) tasks. In the proposed method, a pre-trained CNN (GoogLeNet type)
1s used to extract features from the input image. Because the final answer may consist of multiple words,
in each iteration, the last predicted word is fed into the short-term memory network through a recursive
loop to predict the subsequent words. The schematic of the answer generation process in the proposed
method is shown in Figure 4.
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Figure 4: Prediction of the response in the proposed model [23]

A new framework based on the attention mechanism called "attention co-Hi" is proposed to predict answers
in VQA systems [24]. In this method, three stages of embedding are used on the input question.

A new framework based on dynamic memory networks (DMNs) is proposed for solving the image question
answering problem [25]. This model employs four modules: input module, question module, episodic
memory module, and answer module. The input module processes inputs with different neural networks
and converts them into vectors called "Facts". The input to this module is the image, which is divided into
small local areas, each treated as equivalent to a sentence in the text input module.

A Bi-LSTM network is used to process the input text, and a Faster R-CNN neural network processes the
input image, predicting the answer in the VQA system [26].

A novel approach (GloVe) is introduced to learn word embedding by combining global matrix
factorization and local context window methods [7]. Unlike traditional models, GloVe constructs word
vectors based on word co-occurrence statistics, capturing fine-grained semantic relationships. The authors
propose a log-bilinear regression model that efficiently leverages statistical information by training only
on nonzero elements in a word-word co-occurrence matrix. This method results in a vector space with
meaningful substructure, enabling word analogy tasks and outperforming previous models in similarity
tasks and named entity recognition.

A novel approach is presented to Zero-Shot Learning (ZSL) [27]. One of the key challenges in visual
classification tasks is the difficulty of collecting training images. Traditional ZSL methods often rely on
textual descriptions or attribute-based representations to define new categories. However, this study
introduces an alternative modality by leveraging visual abstraction to learn complex concepts. This
research specifically focuses on human-related concepts and interactions. The authors propose a method
that allows users to generate training data through abstract visualizations, such as clip-art
representations where characters' body posture, facial expressions, gaze, and gender can be
manipulated to depict interactions. This approach enables models to be trained on abstract images and
later tested on real-world photographs. The findings of this study demonstrate that visual abstraction can
be effective in learning complex concepts and can outperform certain traditional approaches. Additionally,
the paper introduces an explicit mapping between abstract and real-world domains, helping models
bridge the gap.

A number of neural network modules and their combinations are employed in a new model to predict
appropriate responses in visual question answering (VQA) systems [28]. In this model, after embedding
the words of the input text, the text is passed through a recurrent neural network (RNN) based on long
short-term memory (LSTM), where the question is processed, and an output is generated. Additionally, the
embedded text is fed into a text parser that decomposes the text into its fundamental components and
analyzes them. Based on the output of this analysis, the model selects one or a combination of modules
needed to predict the response. For image processing, the model utilizes a convolutional neural network
(CNN) with a 16-layer VGGNet architecture to extract visual features. These extracted features serve as
input to the existing modules, which operate based on an attention mechanism. Finally, the output of a
single module or a combination of modules is integrated with the text representation, and the final answer
is predicted using Softmax layers. The proposed architectural structure of this study is illustrated in Figure
5.
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Figure 5: The proposed architectural structure [28]

In recent years, bounding box-based features have become the standard in vision-and-language tasks like
VQA. The effectiveness of grid features in VQA systems is examined [29] which reevaluates grid
features and demonstrates their significant potential. This research found that grid features not only offer
higher processing speed but can also achieve comparable accuracy to bounding box-based features when
properly preprocessed [29]. Through extensive experiments, the study confirms that these findings hold
across different VQA models, various datasets, and even in related tasks like image captioning. A key
advantage of this approach is its simplified model design and training process, allowing for end-to-end
learning. The study highlights that VQA models can be trained directly from pixels to answers,
eliminating the need for image region annotations during preprocessing.
A novel approach is introduced to VQA by incorporating concept-aware representations [30]. Unlike
traditional VQA models that rely only on image and text analysis, ConceptBert integrates external
knowledge from structured sources like Knowledge Graphs (KGs) to enhance reasoning capabilities. The
model employs a multi-modal representation that integrates concepts, vision, and language, inspired by
the BERT architecture. By leveraging ConceptNet KG, ConceptBert encodes common sense knowledge
to improve responses to complex questions that require more than just visual understanding. The approach
is evaluated on OK-VQA and VQA datasets, demonstrating its effectiveness in handling knowledge-
intensive queries.
A novel approach to VQA, Multimodal Residual Networks (MRN) is introduced which extends deep
residual learning [31]. Unlike traditional residual learning, MRN effectively integrates vision and
language through element-wise multiplication, enhancing multimodal representations. The study explores
various multimodal architectures and demonstrates state-of-the-art performance on VQA datasets for
both Open-Ended and Multiple-Choice tasks. Additionally, it introduces a method to visualize attention
effects within joint representations using backpropagation, even when spatial information is absent.
More recently, de Faria et al. [32] conducted a comprehensive survey on VQA techniques, outlining the
transition from early CNN-RNN architectures to advanced transformer-based and vision-language pre-
trained models. Their work highlighted the important role of multimodal fusion and attention mechanisms
in improving answer accuracy and generalization across diverse datasets. However, the study primarily
focused on architectural trends and lacked in-depth empirical comparisons or critical analysis of model
limitations in reasoning for further exploration in practical performance and dataset specific challenges.
Their survey also categorized VQA architectures into early fusion, late fusion, and joint embedding
strategies, emphasizing how each approach handles multimodal integration. Early fusion methods
combined image and text features at the input level, while late fusion techniques processed each modality
independently before merging them at the decision stage. Joint embedding models, particularly those based
on transformers, enabled deeper cross-modal interactions through attention mechanisms. Despite these
advancements, the authors noted that many models still struggle with complex reasoning, compositionality,
and external knowledge integration highlighting persistent challenges in achieving human-level
understanding in VQA systems.
3. Proposed model
3.1 Methodology
In this research, we introduce a new VQA model based on the architecture proposed in reference [4]. The
model receives an image and a natural language question as input. First, the words in the question are
converted into numerical vectors using the Skipgram model, and word embeddings are generated. These
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vectors are then passed through a self-attention mechanism, followed by a Bi-LSTM network for sequential
text processing. The output representation from the Bi-LSTM is further refined using a multi-head attention
(MHA) module to capture contextual dependencies and generate the final textual representation.
Simultaneously, the input image is processed using a 152-layer ResNeXt CNN, which extracts a visual
feature vector. This image feature vector is then fed into the same MHA module alongside the textual
representation, enabling cross-modal attention and joint feature fusion for answer prediction.

After processing the inputs with neural networks and obtaining their representation vectors, the textual and
visual features are concatenated to form a joint representation. Based on Figure 6, this concatenation are
performed along the feature dimension, meaning that the output vectors from the Bi-LSTM (text) and the
CNN (image) are aligned side-by-side to form a single matrix. This joint matrix representation is then
passed through two convolutional layers to extract higher-level fused features, and the resulting output is
fed into a Softmax function for answer prediction. Initially, attention weights are computed over the input
features, helping to highlight the most relevant components and reveal relationships between modalities.
In other words, multiple attention mechanisms are calculated on the features of the image. The output
obtained from this step is then integrated with the features from the inputs using the concatenate method.
The final output, a common representation, is passed through two fully connected layers and sent to a
Softmax function to predict the final answer and obtain the probabilities for each answer class. Afterward
the predicted answer and its probabilities are determined. Multi-head attention mechanism has been
simultaneously utilized in both text and image processing. This choice allows the model to identify complex
semantic and visual dependencies and establish deeper connections between multimodal data. The use of
this mechanism not only enhances textual comprehension in linguistic contexts but also aids in better
recognition of key regions in image processing. By leveraging multi-head attention, the model can process
multiple levels of information. In text processing, this mechanism enables the preservation of long-range
dependencies between words, while in image processing, it facilitates focus on key areas and improves the
distribution of visual information. This capability allows the model to generate richer representations of
data, ultimately boosting the accuracy of response predictions. The schematic of the proposed visual
question answering model in this research is shown in Figure 6.
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Figure 6: Architecture of the proposed research model

As previously mentioned, the proposed model in this research utilizes a CNN with a ResNeXt architecture
of 152 layers to process input images. It should be noted that the reference article [4] uses a CNN with a
ResNet architecture, also with 152 layers, for the same purpose. The ResNeXt architecture is an
improvement over the ResNet architecture, increasing accuracy and strengthening the object recognition
process in images without adding more parameters. Additionally, this architecture reduces error compared
to the ResNet architecture. As such, the ResNeXt architecture is one of the best methods for object detection
due to its higher accuracy and lower error rate compared to the ResNet architecture.

One of the most important components in a VQA system is the processing of textual input (questions about
the image). In the reference article [4], an RNN of the LSTM type is used to process the input text after
embedding the words. The input text is given to this network in the form of numerical vectors, from which
textual features are extracted to obtain the representation of the text input. In the proposed model of this

71



Improving Predicted Answer Accuracy in Visual Question and Answer Systems using Attention Mechanisms and
Neural Networks

research, the Skipgram language model is used for text input processing. After embedding, the words are
given to an RNN of the BILSTM type. In fact, in the proposed model, an RNN of the BiLSTM type is used
instead of an RNN of the LSTM type. In an RNN, long-term processing is done in one direction, meaning
the current input and the output of the past are used in the recurrent network. However, BILSTM processes
information in two directions. In the current input processing, in addition to using the output of the previous
processing and past information, future information is also utilized. For this reason, processing in an RNN
of the BILSTM type is better and stronger than processing in an RNN of the simple LSTM type. Therefore,
in this research, we changed the input text processing part and instead of using an RNN of the LSTM type,
we used an RNN of the BILSTM type.

In the architecture of the proposed model in the reference article [4], only a soft attention mechanism is
used. Meanwhile, in the proposed model of this research, by applying changes to the model from the
reference article [4], two additional attention mechanisms are used alongside the soft attention mechanism:
the multi-headed attention mechanism and the self-attention mechanism. The reason for using the self-
attention mechanism in this research is to better understand and accurately measure the relationships
between the words in the input text. Additionally, the multi-headed attention mechanism with eight heads
is used to apply eight attention mechanisms to the input simultaneously and in parallel, thus improving
input processing.

As mentioned in previous articles, one of the most useful datasets in VQA is the VQA dataset, available in
two versions: VQA1.0 and VQAZ2.0. The reference article [4] utilized both versions of this dataset to train
the proposed model. Accordingly, we use both versions of the VQA dataset to train the proposed model.
3.2. Implementation steps and details

As mentioned earlier, this research uses both convolutional networks and RNNs to process textual and
image inputs. Initially, the words and questions in both versions of the dataset are tokenized, with 13 words
allocated for each question. The words are then embedded using the pre-trained Skipgram language model.
The output of this embedding is fed into a self-attention mechanism and then passed to a BILSTM network
with 1024 units. The output of the BiLSTM network is subsequently given to a multi-headed attention
mechanism.

For image input, the system resizes images to dimensions of 244x244 pixels before processing them
through a 152-layer ResNeXt CNN. The output comes from the fourth convolutional layer. In this
implementation, pre-trained weights from ImageNet are used to initialize the ResNeXt model, allowing the
network to benefit from prior visual knowledge and accelerate convergence. This architecture employs
group normalization, which normalizes feature maps across groups of channels, making it suitable for small
batch sizes. A dropout technique with a rate of 0.03 is applied to reduce overfitting. The network trains
over eighty epochs, with each batch size set to sixty-four. Additionally, the Adam optimization algorithm
is used with a learning rate of 0.0001.

4. Evaluation

In the reference article [4], both versions of the VQA dataset (VQA1.0 and VQA2.0) were used to measure
and evaluate the proposed model. Similarly, in this research, we utilize both versions of this dataset to
measure and evaluate our proposed visual question and answer model. We allocate 80% of the dataset as
training data and the remaining 20% as test data.

In both the reference article [4] and our proposed model, questions are categorized into three types: those
with yes or no answers, those with numerical answers, and those with one-word or multi-word answers
categorized as other. The frequencies of these question lengths found in both versions of the VQA dataset
are illustrated in Figure 7.
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Figure 7: Frequency of question length in the dataset

4.1 Results

The obtained results from the proposed model in this research and the proposed model in the reference
article [4] are shown in the diagrams below, based on the two datasets used, VQA1.0 and VQA2.0. The
results obtained from evaluating the proposed model indicate a significant improvement over the reference
model. Based on conducted experiments, the accuracy of the proposed model on VQA 1.0 dataset has
reached to 67.25%, which is 2.65% higher than the 64.6% accuracy of the reference model. Additionally,
on the VQA 2.0 dataset, the proposed model achieved 61.57% accuracy demonstrating 1.9% improvement
compared to the 59.67% accuracy of the reference model. This increase in accuracy highlights the
effectiveness of the proposed architecture in optimizing the integration of visual and textual information.
By utilizing multi-head attention in both text and image processing, the model successfully identifies deeper
semantic and visual relationships, leading to higher accuracy in feature extraction and response prediction.
According to the results, the visual question and answer model proposed in this research demonstrates
higher response prediction accuracy than the model proposed in the reference article, based on both
datasets. The changes made in this research to the model proposed in the reference article [4] have
successfully improved the model.

Eyes/no M numerical Myes/no M numerical ®other = all
82 77.45
64.6 59.67
55.2 51.76
I i I . I
VQA1.0 lVOA2.0

Figure 8: Obtained accuracy in reference article [4]

Eyes/no ®numerical ®other = all Hmyes/no M numerical ®other mall
86.3 85
67.25
58.44 61.57
44.2 I 14 51.73
VQAL1.0 VQA2.0

Figure 9: Accuracy obtained by the proposed model
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Figure 10: Accuracy of the reference model and the proposed model

The performance of the proposed model in this research is evaluated using both the VQA 1.0 and VQA 2.0
datasets. VQA 1.0 contains over 614,000 questions linked to 204,721 images, while VQA 2.0 includes
more than 1.1 million questions, also based on the COCO image dataset. Each question is annotated with
10 human-generated answers, and the questions are categorized into three main types: Yes/No, Number,
and Other. The distribution of these categories is approximately 41% Yes/No, 12% Number, and 47%
Other. To ensure the reliability of the results, all experiments were repeated five times under identical
conditions. We report the average accuracy and standard deviation across these runs to assess the stability
of the model’s performance. The detailed results of each run are presented in Table 1.

Dataset Runl Run2 Run3 Run4 Run5 Average Std. Deviation (%)
Accuracy (%)

VQA 1.0 | 67.10 67.42 67.33 67.28 67.12 67.25 0.12

VQA2.0 | 61.45 61.62 61.70 61.50 61.58 61.57 0.10

Table 1: The detailed results of proposed model during each training run
5. Conclusion
Although a wide range of VQA models have been proposed from early CNN-RNN architectures to
attention-based and transformer-driven approaches, there may be some possible limitations. Many existing
models struggle with complex reasoning, compositional understanding, and external knowledge
integration. Furthermore, most recent models rely heavily on large scale pretraining, which introduces
domain-specific biases and limits generalization. The recent survey by de Faria et al. [32] provides a
valuable overview of these trends but lacks empirical comparison and critical analysis of model limitations.
These gaps highlight the need for more interpretable, efficient, and context-aware architectures. Our
proposed model investigated these challenges by integrating self-attention, Bi-LSTM, and multi-head
attention mechanisms for richer textual representation, while leveraging deep visual features from ResNeXt
and explicitly modeling cross-modal interactions offering more balanced and improved solution for VQA
tasks.
In this research, we introduced a new visual question and answer model which an image and a question
about the image in natural language are fed as input, and the model must predict an appropriate answer to
the question. For this purpose, we used the proposed visual question and answer model from the reference
article [4] as the base model, and by making modifications to this model, we introduced a new and more
accurate model. We replaced the ResNet convolutional network which contains 152 layers, used in the
reference article [4], with the ResNeXt 152 layers for image processing. Additionally, we incorporated two
additional attention mechanisms—multi-head attention and self-attention—alongside the attention
mechanism used in the base model. These changes led to higher accuracy in response prediction as shown
by the results.
6. Future works
Nowadays, we are witnessing the introduction of new architectures of CNN. Researchers in the field of
visual question and answer systems are suggested to use newer and stronger CNN architectures such as
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Yolo for image processing. It is also advised to use a variety of transformers and larger datasets. The larger
the size of the dataset, the better model training process is done, and the accuracy of the predicted final
answer is higher.
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