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Proposed Research

	Current Proposed Title (20 / 30 words):

	Emotion Detection form Social Media Textual Content Using Transformers Based Models

	 
Background & Context (approx. 500 words)


	In the current era, thanks to advancements in information technology, common peopleeveryone can share their views, opinions and comments using various social media platforms [1]. This ability of user generated content has given rise to many new challenges for analysis and processing of data analysists including sentiment analysis, recommender systems, natural language processing, etc. [2]. Sentiment analysis is an active research area in data mining and natural language processing. Sentiment analysis has vast applications in the areas of customers’ satisfaction, behaviour analysis of users, reviews helpfulness analysis and feedback about services [3]. In addition, it is used for checking the public’scommon people’s response against government policies and predicting even election results based on political affiliations or interests [4], [5], [6]. In sentiment analysis, user generated content is divided into subjective or objective content. Objective content is about facts and does not contain sentiments whereas subjective content contains opinions and views of the users [7]. So subjective content is further explored for detection of sentiment into three categories of positivitye, negativitye, and neutrality. In addition to finding one of these categories, we can also find the intensity of the sentiment in a certain range such as 0 to 1[8]. The higher the values the more intensified values will be for any given range sentiment, or whatever emotion is being gauged [9]. 
Sentiment analysis or opinion mining are interchangeably used terms [10]. Sentiment analysis has various types and one of the newest and least explored areas is emotion detection. Emotion detection is a challenging research area as it is an in-depth analysis of natural language content into various perspectives such as anger, happiness, sadness, fear, etc. [11], [12], [13]. It is important that as the natural language is a more complex and complicated domain of study as human content is stoo diverse and complex due to the diversity ofin human nature [14]. Therefore, several various methods are applied for natural language content understanding and analysis. Before the advent of machine learning (ML) models, lexicon-based models were applied to recognise the user’s sentiment where some tokens or set of tokens are associated with specific a sentiment [15]. The core idea behind this is to assign the weight or sentiment points to each token and then find the aggregate of these points to classify the sentiment of entire sentence [16]. 
Subsequently, ML along with NLP techniques not only solves the problems faced by lexicon-based models such as word ambiguity, domain specific ontology and quality lexicon selection, but also increases the performance of understanding emotions from text [17]. ML models such as Nnaïve Bbayes, SVM, logistic regression random forest learn pattern from labelled text sentences and build a relation between text and emotions [18]. Diverse text preprocessing and encoding techniques such bags of words, count vectorisers and term-frequency inverse document frequency are utilised to encode text data into vector for training of ML models [19]. The use of deep word embeddings such as word2vec and GloVe as encoding layer along with machine learning models enhanced accuracy of ML models [20], [21], [22]. However, ML based methods reached a certain level of accuracy due to high dimensional and sparsity of text data, semantic ambiguity and out of vocabulary tokens [23]. 
On countryside deep learning (DL) model reduced feature engineering burden and learned the hierarchical features automatically and formed meaningful representation of textual content [24]. Sequential deep learning models such as recurrent neural network (RNN) and long-short term memory (LSTM) capture sequential dependencies from data which help for better text classification [25]. Emotion recognition models using sequential models capture only past dependencies, however future or subsequent words are equally important to comprehend the emotion from overall sentence [26], [27], [28]. Bi-directional LSTM model has ability to learn semantic information involving two separate LSTM networks in forward and reverse manners [29]. Most relevant literatures show that attention mechanism significantly enhanced the capability of DL models by focusing on prominent parts of text, that play significant role in textual classification [30]. 
This research study focusses on emotion recognition issues such as semantic ambiguity and polysemy, implicit emotions, contextual dependency, and emotion blending using transformers-based deep learning models. The proposed framework is  comprisesd of two further modules. The initial two steps of text preprocessing and syntax-based features engineering are common to both. However, the first model is a hybrid approach involving word2vec, GloVe, fastText and sentence transformer as deep embedding and distillation of RoBERTa transformers-based model to understand the context of the phrase and reduce the complexity of the model. Moreover, the second model will use different distance-based models after obtaining context aware embedding through sentence transformers. This proposed hybrid model will not only be better in solving the problems faced by emotion classification, but also reduce the complexity of the model through distillation, which will result in both efficiency and accuracy.


	
Aims and Objectives (approx. 250 – 500 words)

	The main aims and objectives of this study are as follows: 
· To propose a transformers-based text classification framework to identify user’s emotions from textual content. 
· To apply pre-processing techniques such as tokenisation, removal of URLs and stop words, handling abbreviations and contractions for preparation of the data so deep learning algorithms can be applied. 
· To explore syntax-based features involvinge part-of-speech tagging and lemmatisation to capture syntactic structures, ensuring the generation of standardised and linguistically informed representations of textual data.
· To extract and evaluate deep features such as Word2Vec, FastText, GloVe and Sentence Transformers to capture the semantic relationships as well as contextual dependencies in textual content.
· To propose a hybrid model that combines transformer-based word embeddings with distance-based similarity metrics, such as Levenshtein distance, cosine similarity and Jaccard Index. The goal is to enhance the model's ability to distinguish between small differences in emotional expression.	Comment by Maaruf Ali: Cite references for these terms.	Comment by Maaruf Ali: Cite reference for this term.
· To propose a novel distillation-based model transformers model by involving distil BERT architecture and RoBERTa model to predict semantic and context-aware emotions prediction with balanced in complexity and better performance.
· To collect and use famous emotion recognition dataset such as ‘Emotion Detection from Text” with twelve classes such as sadness enthusiasm, neutral, worry, surprise, love, fun , hate , happiness , boredom , relief, and anger, “EmoReact” with ten classes including Joy, Fear, Anger, Sadness, Disgust, Shame, Guilt, boredom, relief and surprise and third ISEAR International Survey on Emotion Antecedents and Reactions dataset with seven classes involving Joy, Fear, Anger, Sadness, Disgust, Shame, and Guilt. 
· To compare the performance of proposed hybrid Transformers-based framework with traditional machine learning methods as well as deep learning approaches on three diverse text datasets in terms of accuracy, recall, precision, and F1-measures. 

	
Proposed plan of work including timetable 

	Proposed plan of work

In this section you will need to complete a proposed plan of your work explaining the timeline for key elements of the thesis. This can be set out as a table like below or as a Gantt chart (for example)

This plan should indicate that the research will be completed by the end of the fee-paying period (the minimum period of candidature.
	State
	Timeframe
	Achievement

	Literature Review
	2 months
	A comprehensive review of the existing studies.

	Formulation of Research problem
	2 months
	Precise Problem Statement.

	Data Collection
	2 months
	Textual Datasets related to emotion recognition.

	Data Analysis
	3 months
	Results of proposed models on colletected datasets.

	Final Thesis Writing
	3 months	Comment by Maaruf Ali: This is too short for a PhD. The total time shows only one year!

	Prepared Thesis.





	Proposed methodology (approx. 500 words):

	
Based on an extensive literature review of the existing studies, we propose a transformers-based framework base on deep features presented in Figure 1 for recognition of user’s emotion from textual data. The proposed framework is comprisesd of four major components: including text preprocessing, syntax-based feature engineering, semantic-based feature engineering and application of transformers-based model. The precise detail of each component is as follows. 
[image: ]
Figure 1. Proposed framework for emotion recognition from textual data.	Comment by Maaruf Ali: An impressive diagram.
Text Preprocessing: This is intended to improve the resilience of emotion recognition in various linguistic situations. The first step is defining the Text Noise Profile. We need to single out and categorise potential noise elements, including typos as well as abbreviations and slang common among members of our dataset community. Then, the text will be purified by techniques for noise removal including spell checking and taboo character elimination. A Character Normalisation step will be introduced to promote uniformity and avoid difficulties caused by case sensitivity, accented characters, or other character differences. Together, they perform preprocessing operations on the input text to achieve better quality and ready it for subsequent parts of the emotion detection pipeline.

Syntax Feature Engineering: The focus in this step is to select the features of language that make a delicate understanding possible, a nuance necessary within any text. The first stage in this process is the tokenisation part, which splits up the text into a structured series of units (words or sub words). This capture of the language's own structure thus makes later analyses easier. The second component, POS tagging is of great importance in explaining the syntactic environment into which words are placed by assigning them grammatical tags. Getting information is the first step in decoding emotion. Since different parts of speech can easily be associated with separate emotional expressions, this type of data has good value for later analysis. Meanwhile, the third step is called Lemmatisation. It seeks to transmute words into their basic forms from a level of frequent inflections. Answering this question is a prerequisite to building follow-up models; otherwise, the model will not generalize as effectively. Of course what we treat all different inflections of KICK, for example, in one entity makes no difference whether it used be three words or thirty syllables long before forming compounds with other utterances and exaggerated into more complicated forms later on during These components of Syntax Feature Engineering have a synergistic effect,. -Tthey capture those linguistic features which are relevant and provide a firm basis for the subsequent stages carying out emotion analysis in this proposed framework.
Semantic Feature Engineering: The first part of this proposed work is semantic feature engineering, an important step that involves employing sophisticated techniques to capture the subtle semantic associations meanwhile residing in the text. Emotion extraction depends heavily on how much we can grasp about these nuanced relationships between words and sentences inside one’'s language usage The advance here is in incorporating Sentence Transformers into the framework, along with traditional word embeddings like Word2Vec and GloVe. We wil'll use pre-trained BERT and RoBERTa transformer models to encode contextual information at the sentence level. This approach allows Sentence Transformers to move beyond the traditional word-level embeddings and provide a more holistic representation of the meaning of words in context. The proposed work realizes the importance of Sentence Transformers, allowing for a new space of features. This enabled Emotion Detection Model to identify semantic distinctions in use and expression (including emotional colour) within language itself. With this integration, the model would be able to more accurately reflect how words interact with each other within sentences and combine for meaning.

Proposed DistillNetRoBERTa Model: We present a DistillNetRoBERTa model that integrates the power of contextual understanding in RoBERTa with an efficient hybrid architecture, software and hardware compatible. RoBERTa is quite strong in capturing the convoluted contextual relationships within text, and it makes a good candidate for our task of detecting emotion. But the size and computational requirements of RoBERTa may make actual deployment difficult in real-life applications. How to address these problems? We propose the concept of Distillation Transformers, a technique which trains a smaller and compact model (a distilled one) that imitates the behaviour of the larger complex model. In this example of a hybrid structure, RoBERTa is the teacher model and transfers its acquired contextual information to a more lightweight student model via distillation. Doing so not only reduces computational overhead, it also enhances the model’'s interpretability and deployment efficiency.
This training strategy involves first fine-tuning the RoBERTa model on emotion datasets with labelled sets and then distilling this knowledge into a simpler architecture. The hybrid model, with RoBERTa’'s excellent contextual understanding and reduced computational demands, is expected to combine the best of both worlds. The motivating force behind this proposed hybridisation is a desire to bridge the performance-efficiency gap, an important consideration for any realistic application of emotion detection. We will evaluate whether this approach is effective through comprehensive experimentation and comparison with single transformer models, which will also lead us to a better understanding of the trade-offs that come from adopting an innovative hybrid architecture. It is believed that the Hybrid RoBERTa & Distillation Transformers model will be an important breakthrough in emotion detection frameworks, dealing with their twin challenges of performance and scalability.
Proposed EmoSimilarity Transformer Model: This study proposes a significant contribution as EmoSimilarity Transformer model in the field of emotion recognition from textual content covering different linguistic settings and emotional expressions. The architecture of the EmoSimilarity Transformer comprisesd of three major components: 
a) Sentence transformers for context aware embedding generation,
b) Similarity distance models such as Llevenshtein and cosine similarity for measuring contextual similarity and 
c) Jaccard Index to evaluate lexical similarity. 
Through the initial embedding phase, the EmoSimilarity Transformer finds sentences embracing subtle semantic subtleties and lays the groundwork for an in-depth appreciation of emotional context. Our sentence involves attention mechanism, normalisation layers, feed forward layers and pooling to contextual understand the natural language. Where the attention mechanism further comprises of self-head attention and multi-head attention to gives the more weight to the significant part of the text that contribute to identify the human emotions. On other hand distance similarity-based models such as Levenshtein and cosine similarity metrics for measuring the degree to which sentences are in harmony, and it makes possible subtle differences of emphasis or emotional expression across different linguistic environments. Additionally, they provide granularity, by grading out lexical similarities in different senses. Its ability to capture subtleties of meaning is further reinforced. It becomes increasingly capable, at the level of words within emotional meaning spans, in fine distinction between related meanings. By combining the two models in this way, one winds up with a strong architecture that can carefully recognise and categorise emotions from various kinds of text-based information.
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