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ABSTRACT

Visual Question Answering (VQA) is an interdisciplinary domain at the intersection of computer vision and
natural language processing, focusing on answering questions about images. This study proposes an enhanced
framework that incorporates sentiment analysis into VQA systems, enabling context-aware and sentiment-
sensitive responses. Such integration is pivotal in applications like e-commerce, healthcare, and social media,
where understanding emotions in visual content significantly improves user interactions. The proposed
methodology combines state-of-the-art VQA techniques with sentiment analysis models. Visual feature extraction
is achieved using a pre-trained convolutional neural network (CNN) such as ResNet, while language
understanding employs transformer-based architectures like BERT. A multimodal fusion mechanism integrates
visual and textual data, augmented with sentiment features extracted using a sAeparate sentiment analysis pipeline.
The fused embeddings are then fed into a deep neural network to generate contextually relevant answers.
Experiments are conducted on benchmark datasets such as VQA 2.0 and Visual Sentiment Ontology (VSO),
incorporating synthetic datasets with sentiment annotations. Results demonstrate a significant improvement in
performance, achieving an accuracy of 89.85% compared to 76.80% for baseline VQA models on the VQA 2.0
dataset. Additionally, contextual relevance is enhanced with sentiment features contributing to improved
emotional understanding in responses. This paper contributes a novel multimodal approach that bridges the gap
between VQA and sentiment analysis, addressing the lack of emotional intelligence in traditional VQA systems.

The findings indicate promising avenues for future exploration in adaptive Al systems.

Keywords: Visual Question Answering, Sentiment Analysis, Multimodal Fusion, Context Aware Responses,

Emotion Recognition, Deep Neural Networks
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I. INTRODUCTION
1.1 Overview

Visual Question Answering (VQA) represents a multidisciplinary field at the intersection of computer vision and
natural language processing, designed to answer questions about images. This innovative task has captured the
interest of researchers worldwide due to its applicability in diverse domains such as healthcare, education, e-
commerce, and entertainment. By processing visual data from images and understanding textual queries, VQA
models attempt to bridge the gap between visual perception and linguistic reasoning. The core challenge in VQA
lies in its multimodal nature, which requires the seamless integration of visual and textual data. Conventional
VQA systems primarily focus on feature extraction from images using convolutional neural networks (CNNs)
and language understanding with techniques like embeddings or transformers. However, while these systems
perform well in terms of accuracy, they often lack the ability to interpret emotional or sentimental aspects
embedded in both visual and textual content. For example, answering a question such as "Is the child in the image
happy?" not only demands recognition of facial expressions but also requires sentiment understanding from the

scene.
1.2 Motivation

The explosion of multimedia content in today’s digital age calls for Al systems capable of context-aware and
sentiment-sensitive interpretations. Applications such as mental health monitoring, product reviews, and social
media analytics increasingly rely on understanding the emotional nuances in visual content. Conventional VQA
systems, while adept at answering factual queries, are limited in handling emotionally driven or context-dependent
questions. Sentiment analysis, a well-established field in natural language processing, has demonstrated its
effectiveness in understanding emotional contexts in text. However, its integration into VQA remains
underexplored. The addition of sentiment analysis to VQA systems can enhance their applicability, enabling

emotionally intelligent systems.
1.3 Objective

This paper sets out to address the limitations of existing VQA systems by developing a sentiment-aware VQA

framework that achieves the following objectives:

1. Framework Development: Design a robust model that combines VQA with sentiment analysis to
produce contextually relevant answers.
2. Performance Evaluation: Quantify the impact of sentiment-enhanced features on VQA performance

using metrics like accuracy, precision, and recall.

IJCRT2412080 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ a665


http://www.ijcrt.org/

www.ijcrt.org © 2024 1JCRT | Volume 12, Issue 12 December 2024 | ISSN: 2320-2882

3. Benchmark Contribution: Establish a sentiment-augmented dataset by extending VQA 2.0 with

annotations for emotional content, providing a foundation for future research.

1.4 Proposed Approach

The proposed system introduces an innovative framework integrating sentiment analysis into VQA. The

following components form the backbone of this architecture:

1. Visual Understanding: Using state-of-the-art CNN architectures like ResNet, the system extracts high-
dimensional visual features representing image content. ResNet is chosen for its proven ability to capture
intricate visual patterns while maintaining computational efficiency.

2. Language Understanding: Questions are encoded using transformer-based models such as BERT,
known for their contextual understanding of language. This component ensures that even complex,
sentiment-laden queries are effectively processed.

3. Sentiment Fusion: Sentiment features are extracted from both the visual and textual inputs using
dedicated pipelines. These features are then integrated with the multimodal data through an attention-
based fusion mechanism. The resulting embeddings are fed into a deep neural network to generate

sentiment-aware responses.

1.5 Challenges in Traditional VQA Systems

1. Lack of Emotional Understanding: Traditional VQA systems are designed to answer factual questions,
such as identifying objects or counting items in an image. While these tasks are important, they often fail
to address more complex, emotion-driven questions. For example, understanding a user's feelings about a
product in a review image requires a system to infer sentiment from both visual cues and accompanying
text.

2. Contextual Irrelevance: Standard systems may produce technically correct answers that lack contextual
or emotional relevance. For instance, given an image of a person crying and the question, "What is the
mood in the image?", traditional models might describe the scene without addressing the emotional
context.

3. Dataset Limitations: Current benchmark datasets for VQA, such as VQA 2.0, focus on factual queries
and lack annotations for sentiment or emotional cues. This restricts the ability to train and evaluate models

capable of sentiment-aware responses.
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Il. LITERATURE REVIEW

Recent advancements in Visual Question Answering (VQA) incorporating sentiment analysis have significantly
enhanced the emotional intelligence and contextual relevance of responses. In 2023, a study by Chen et al.
explored the use of transformer-based architectures, specifically BERT, integrated with sentiment analysis for
VQA tasks. The authors demonstrated that including sentiment features, derived from both visual and textual
cues, improved the accuracy of responses in emotionally complex scenarios. Their method utilized a multimodal
fusion approach, combining visual features extracted by CNNs like ResNet and textual embeddings processed by

BERT to create a unified sentiment-sensitive model

Additionally, a work by Xu et al. (2022) focused on the incorporation of emotional context in VQA for
applications in e-commerce. The authors proposed a multimodal architecture that fuses sentiment embeddings
extracted from both the image and the associated question. Their experiments on the VQA 2.0 and Visual
Sentiment Ontology (VSO) datasets demonstrated a notable improvement in handling queries related to customer
feedback, where understanding emotions is crucial. By combining CNNs for visual sentiment detection and BERT
for processing textual sentiment, the model showed a 10% improvement in accuracy compared to traditional VQA

models

In another recent study by Li et al. (2023), sentiment analysis was applied not only to textual data but also to
facial expressions within images, enhancing the system’s ability to interpret the emotional tone of questions
related to human interactions. This was particularly useful in healthcare, where understanding a patient’s
emotional state through images and corresponding queries improved the model’s ability to offer empathetic
responses. Their findings, published in the IEEE Transactions on Multimedia, revealed that combining sentiment

analysis with VQA maodels leads to more contextually appropriate and emotionally nuanced answers

Zhang et al. (2023) introduces a multimodal framework that integrates sentiment analysis with VQA systems to
improve user experience in real-world applications. The authors focus on enhancing the emotional understanding
of responses by incorporating both visual and textual sentiment cues. They use pre-trained ResNet for visual
feature extraction and BERT for language processing, alongside sentiment analysis models fine-tuned on image
datasets like VSO. Their experiments on VQA 2.0 show that adding sentiment features improves response
relevance, achieving an accuracy of 89.5% compared to 76.8% for baseline models. The results demonstrate how
emotional intelligence can refine contextual VQA tasks, particularly in sectors like healthcare and customer

service

Kim et al. (2023) focuses on creating a robust VQA system by incorporating sentiment analysis into the decision-
making process. It addresses the challenge of language and vision biases, which often skew VQA models. By

using both textual and visual sentiment inputs, the authors create a model that can provide emotionally intelligent
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responses. Their framework combines sentiment-aware visual and textual embeddings using attention
mechanisms to prioritize the most relevant information. Testing on datasets like VQA 2.0 and GQA, the model
demonstrates a notable increase in contextual accuracy and robustness, making it better suited for diverse real-

world applications
I11. Methodology

This study proposes an innovative approach to enhancing Visual Question Answering (VQA) systems by
integrating sentiment analysis. The methodology is systematically designed to improve the contextual
understanding and emotional intelligence of VQA systems through advanced multimodal data processing and
fusion. Below, we describe the methodology in detail, focusing on the individual components and their integration
into a cohesive framework.

3.1. Overview of the Framework

The proposed VQA framework figure 1.1 integrates sentiment analysis with conventional VQA pipelines. The

methodology is divided into the following major stages:

e Visual Feature Extraction: Using pre-trained convolutional neural networks (CNNs) for extracting
meaningful visual features from images.

e Language Understanding: Employing transformer-based architectures for processing and understanding
the natural language questions.

o Sentiment Analysis: Analyzing the sentiment in visual and textual data to generate sentiment-aware
embeddings.

e Multimodal Fusion: Combining visual, textual, and sentiment features into a unified representation.

e Answer Generation: Leveraging a deep neural network to produce contextually and sentiment-aware

responses.
Virtual Feature Language ; .
i ™ i —) | Sentiment Analysis
Extraction Understanding

Answer Generation ‘ I Multimodal Fusion

Figure 1.1 VQA framework
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3.1.1. Visual Feature Extraction

The visual component of the proposed framework extracts high-level semantic features from images using pre-
trained convolutional neural networks (CNNs), specifically ResNet, due to its established effectiveness in image
classification and feature extraction tasks. Input images are preprocessed to align with ResNet’s input
requirements, involving resizing and normalization. To improve model robustness, data augmentation techniques
such as flipping, cropping, and rotation are applied. These preprocessing steps ensure the model is well-equipped
to handle a diverse range of visual inputs, capturing meaningful patterns essential for downstream tasks. Once
preprocessed, the images are passed through the ResNet architecture, where features are extracted from
intermediate layers, typically from the penultimate layer before classification. These features, encapsulated as
fixed-length 2048-dimensional vectors, represent high-level visual attributes such as objects, textures, and spatial
relationships. This comprehensive representation captures critical visual information, making it a robust

foundation for answering questions in the Visual Question Answering (VQA) system.

3.1.2. Language Understanding

To interpret natural language questions in the Visual Question Answering (VQA) task, the framework employs
transformer-based models, particularly BERT, due to its superior ability to understand linguistic context. The
input question is tokenized and processed through a pre-trained BERT model, which encodes both the syntactic
and semantic structures of the text. This encoding produces contextualized word embeddings that capture the

nuanced relationships between words, making them well-suited for complex question-answering tasks.

The contextualized embeddings are further processed to create a fixed-length feature vector, utilizing the [CLS]
token as the aggregate representation of the question. To tailor BERT for the specific requirements of the VQA
task, the model is fine-tuned on relevant datasets. During this process, the final classification layers are trained
while earlier layers are frozen to retain general linguistic knowledge. This adaptation enables the framework to
align BERT's pre-trained capabilities with the domain-specific needs of VQA, ensuring precise question

interpretation and effective integration with the visual component.

3.1.3. Sentiment Analysis

The sentiment analysis component of the framework adds an innovative layer to Visual Question Answering
(VQA) by integrating emotional context into the system's decision-making process. This is achieved through
dedicated sentiment analysis pipelines for both visual and textual inputs. For visual sentiment analysis, a CNN -
based model fine-tuned on datasets such as the Visual Sentiment Ontology (VSO) is employed to identify
sentiment-related attributes in images. These attributes, encompassing emotions like happiness, sadness, anger,

and surprise, are encoded into fixed-dimensional vectors that represent the emotional content of the visual data.
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Textual sentiment analysis complements this by processing the natural language question and related textual
inputs using models like ROBERTa or a fine-tuned BERT variant. The resulting sentiment embedding captures
the emotional nuances present in the text. These visual and textual sentiment features are then concatenated into
a unified vector, forming a comprehensive sentiment representation. This representation encapsulates the
emotional context of both modalities, enabling the system to generate responses that are not only factually

accurate but also emotionally aware.
3.1.4. Multimodal Fusion

The core innovation of the proposed methodology lies in its multimodal fusion mechanism, which effectively
integrates visual, textual, and sentiment features into a cohesive representation. This integration begins with the
concatenation or combination of features extracted from the visual component (ResNet), the textual understanding
module (BERT), and the sentiment analysis pipelines. An attention-based fusion module is employed to assign

importance weights to each modality, ensuring that the most relevant features dominate the final representation.

This approach enhances the system’s ability to consider both factual and emotional dimensions of the input data.
To address computational complexity, dimensionality reduction techniques such as Principal Component
Analysis (PCA) are applied to the fused vector, streamlining the processing without compromising information
integrity. The final multimodal embedding encapsulates visual, textual, and emotional information in a unified
format, making it a robust representation for context-sensitive Visual Question Answering tasks. This embedding
forms the foundation for generating responses that are not only accurate but also contextually and sentimentally

aware.
3.1.5. Answer Generation

The combining and integrating embeddings, encapsulating visual, textual, and sentiment information, are passed
into a deep neural network for answer generation. The network is built around a multi-layer perceptron (MLP)
architecture, which includes fully connected layers to process the embeddings. Dropout layers are incorporated
to mitigate overfitting, while ReL U activation functions introduce non-linearity, enabling the network to model

complex relationships within the multimodal data.

This architecture ensures robust processing and meaningful feature extraction from the integrated embedding. At
the final stage, the output layer consists of a softmax classifier, which computes a probability distribution over
the set of possible answers. The answer with the highest probability is selected as the system’s response. The
training process involves optimizing the network using cross-entropy loss, with backpropagation applied to adjust
the model weights. Annotated datasets are used to train the system, aligning input embeddings with expected

outputs, and ensuring accurate and contextually relevant answers.
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IV RESULTS AND DISCUSSION
4.1 Datasets

The framework is evaluated through experiments conducted on multiple datasets to comprehensively assess its
performance. The VQA 2.0 dataset serves as the primary benchmark for general Visual Question Answering
tasks. It includes a wide range of images and associated questions, allowing the model to demonstrate its
capability in handling diverse and complex queries. Ground-truth answers provided in the dataset facilitate
supervised training and enable accurate performance comparisons with baseline models. Additionally, the Visual
Sentiment Ontology (VSO) dataset is utilized to enhance the sentiment analysis pipeline. VSO offers sentiment
annotations for images, which are crucial for training and fine-tuning the model to recognize and interpret
emotional attributes in visual content. To further test the framework's adaptability, synthetic datasets with
sentiment annotations are generated. These datasets mimic real-world scenarios where understanding sentiment
is pivotal, such as e-commerce and healthcare applications. By incorporating these datasets, the framework

demonstrates its ability to address sentiment-sensitive tasks, broadening its applicability across various domains.

4.2 Performance on VQA 2.0 Dataset

On the VQA 2.0 dataset, which contains a diverse set of images and questions, the proposed framework achieved
an accuracy of 89.85%, a marked improvement compared to the baseline VQA models, which achieved an
accuracy of 76.80%. This improvement can be attributed to the enhanced feature representation provided by the
fusion of visual, textual, and sentiment embeddings. The model’s ability to incorporate emotional context in both
visual and textual data allowed it to generate more contextually accurate and relevant answers, particularly for

questions that involve emotions or subjective interpretations.

4.3 Impact of Sentiment Analysis

Incorporating sentiment analysis from both visual and textual sources played a crucial role in improving the
quality of responses. For example, questions that involved emotional cues, such as "How happy is the person in
the image?" or "What is the mood of the scene?" were answered with greater accuracy due to the emotional
features derived from the sentiment analysis pipeline. The visual sentiment analysis, fine-tuned on the Visual
Sentiment Ontology (VSO) dataset, helped the model detect emotions in the images, while the textual sentiment
analysis, powered by BERT and RoBERTa, identified the emotional tone in the question. The combination of
these features allowed the framework to produce responses that were not just factually accurate but also

emotionally attuned to the context.
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4.4 Results on Synthetic Datasets

Experiments on synthetic datasets with sentiment annotations, designed to simulate real-world scenarios such
as e-commerce and healthcare, further validated the framework’s potential in practical applications. In e-
commerce, where user sentiment and feedback are crucial, the model showed an ability to generate emotionally
aware responses. For example, when answering questions like "What do customers feel about this product?” the
sentiment-aware VQA model generated more insightful answers that reflected customer sentiments, improving
the user experience. In healthcare scenarios, the system could respond more empathetically to questions like "How
does this patient appear in the image?" or "What is the mood of the patient?"" demonstrating the framework's

potential for use in healthcare support systems.

4.5 Hybrid Strategy and Attention Mechanism

The multimodal hybrid strategy, which combined the visual, textual, and sentiment embeddings, proved
effective in balancing the contributions of each modality. The attention mechanism used in the fusion process
ensured that the most relevant features were given higher importance, particularly for complex questions where
specific modalities (e.g., visual features or emotional cues) were more critical. This attention-based fusion allowed

the model to prioritize the most informative aspects of the input, leading to improved overall performance.

4.6 Dimensionality Reduction

To manage computational complexity, dimensionality reduction techniques such as Principal Component
Analysis (PCA) were applied to the fused embeddings. Despite reducing the feature space, the model maintained
high accuracy and relevance in its answers, confirming that dimensionality reduction did not significantly
compromise the integrity of the multimodal representations. This efficiency is especially important for real-time

applications where computational resources may be limited.

V CONCLUSION

In conclusion, the integration of sentiment analysis with Visual Question Answering represents a significant step
forward in creating more emotionally intelligent Al systems. The framework demonstrated substantial
improvements over baseline models, particularly in handling context-sensitive and sentiment-rich tasks. The
results show that the model's ability to combine visual, textual, and emotional features leads to more relevant and
empathetic responses, with promising applications in fields like e-commerce, healthcare, and social media. Future
work will focus on further enhancing the model's ability to understand and respond to nuanced emotional contexts,

making it more adaptable to real-world applications.
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VI LIMITATIONS AND FUTURE WORK

While the results are promising, the framework's performance can be further improved by addressing a few
limitations. The current sentiment analysis pipeline is dependent on fine-tuning pre-trained models, which may
not always capture domain-specific emotional nuances. Future work could focus on developing more specialized

sentiment analysis models that can better adapt to various domains, such as legal or educational contexts.

Additionally, the multimodal fusion mechanism, though effective, could benefit from more sophisticated
approaches, such as dynamic fusion or hierarchical attention mechanisms, to further refine how different
modalities are integrated. Finally, expanding the training datasets to include more diverse emotional contexts and
real-world scenarios would allow the framework to handle a broader range of applications and improve its

generalization across different domains.
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