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Abstract

Human-computer interaction has been a mission for mankind since the emergence of Ar-

tificial Intelligence (AI) and Machine Learning (ML) techniques. Currently, Information

Retrieval (IR) and Question Answering (QA) stand out as the most blooming research

areas. A vast volume of data is scattered across the web, with a large number of users

simultaneously seeking information. So computers must comprehend and analyze natural

languages for accurate and effective communication. Natural Language Processing (NLP)

and Natural Language Understanding (NLU) techniques address the challenges in man-

machine interaction. Both Information Retrieval (IR) and Question Answering (QA)

systems act as interfaces for communication with computers. In Information Retrieval,

a set of documents is fetched from an extensive document collection. At the same time,

Question Answering aims to provide the most relevant and appropriate answers to users’

queries.

This study aims to create an interactive Malayalam Question Answering System (QAS)

in the health domain that can effectively answer users’ queries related to their health

problems and wellness. To do this, here employ advanced NLP techniques such as Word

Embedding, hybrid transformer-based models, and Large Language Models (LLM). In

the first phase, Word Embedding was used to capture the semantic relationships be-

xviii



tween words, with Continuous Bag Of Word (CBOW) and Skip-gram models. Then,

fine-tuned different Bidirectional Encoder Representations from Transformers (BERT)

models with health data sets for the Question Answering process. Secondly, a new hy-

brid BERT model was introduced by combining a Reader-Retriever pipeline architecture

with different BERT models. Finally, proposed a new model Bio Question Answering

BERT (BioQA-BERT) that uses the Low Rank Adaptation (LoRA) fine-tuning algo-

rithm and the latest Large Language Model (LLM)- Large Language Meta AI (LLaMA)

with the optimized BERT model RoBERTa.

In the initial phase, a Word Embedding-based Question Answering model was in-

troduced, with an annotated SQuAD format Malayalam Question Answering Data set

(MQuAD), SQuAD means Stand-ford Question Answering Data set. In this study em-

ployed two-Word Embedding algorithms - CBOW and Skip-Gram. Notably, the Skip-

Gram algorithm exhibited the highest accuracy when applied to the MQuAD corpus. The

primary objective of this system is to bridge the gap between human language understand-

ing and machine reasoning. By exploiting Word Embedding, the system provides precise

and relevant answers to user’s queries. One pivotal advancement that has significantly

contributed to the effectiveness of the Question Answering system is the incorporation of

Word Embedding techniques, specifically demonstrated through the superior performance

of the Skip-Gram algorithm on the MQuAD corpus.

A detailed analysis of various BERT models for Question Answering was conducted.

Different pre-trained BERT models, namely A Lite Bidirectional Encoder Representa-

tions from Transformers (ALBERT), Distil Bidirectional Encoder Representations from

Transformers (DistilBERT), Struct Bidirectional Encoder Representations from Trans-

formers (StructBERT), and Robustly Optimized Bidirectional Encoder Representations

xix



from Transformers (RoBERTa), were utilized and fine-tuned using the MQuAD corpus.

A hybrid Reader-Retriever pipeline architecture was incorporated with different BERT

models. The Question Answering model, BioQA-BERT was implemented by integrating

the Low Rank Adaptation LoRA algorithm and LLaMA with the optimized BERT model

RoBERTa. Experimental results indicated a notable increase in the F1 score after intro-

ducing LoRA and LLaMA with BERT models. In conclusion, while this study provides

significant insights into the state and challenges of Malayalam Question Answering, espe-

cially in the health domain, it is constrained by the inherent complexities of the language

and the limited precedent in the field.

In conclusion, this research constitutes a substantial contribution to understanding the

current state and challenges within the domain of Malayalam Question Answering, par-

ticularly in the context of healthcare. The comprehensive exploration of these challenges

illuminates the intricacies intrinsic to the Malayalam language, offering a subtle perspec-

tive on the difficulties encountered in the development of robust Question Answering

systems for this linguistic environment. The intricate nature of the Malayalam language

poses obstacles to achieving optimal performance, necessitating sophisticated solutions

attuned to its linguistic idiosyncrasies. Additionally, the limited precedent in the field

of Malayalam Question Answering introduces an extra layer of complexity, highlighting

the pioneering nature of this research venture. As the landscape evolves, future research

endeavors will benefit from addressing these challenges, thereby building upon the foun-

dational insights derived from this study and contributing to the continual advancement

of Malayalam Question Answering systems, particularly the health domain.

Keywords: Question Answering System, Health Question Answering, Natural Language

Processing, Information Retrieval, Word Embedding, Transformers, BERT, Large Lan-

guage Models.
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സംഗ്രഹം	  


ആർട്ടിഫിഷ്യൽ ഇന്റലിജൻസ്, െമഷീൻ േലണിംഗ ് െടക്നിക്കുകൾ എന്നിവയുെട ആവിർഭാവം 

മുതൽ മനുഷ്യനും ,കമ്പ്യൂട്ടറും തമ്മിലുള്ള ആശയവിനിമയം മനുഷ്യരാശിക്ക് ഒരു സ്വപ്നം ആണ് . 

നിലവിൽ, വിവര വീണ്ടെടുക്കൽ, ചോദ്യോത്തരങ്ങൾ എന്നിവയാണ് ഏറ്റവും സജീവമായ 

ഗേവഷണ േമഖലകൾ. ധാരാളം ഉപയോക്താക്കൾ ഒേരസമയം വിവരങ്ങൾ േതടുന്നതിനാലും  

ധാരാളം ഡാറ്റ െവബിലുടനീളം ചിതറിക്കിടക്കുന്നതിനാലും . കൃത്യവും ഫലപ്രദവുമായ 

ആശയവിനിമയത്തിനായി കമ്പ്യൂട്ടറുകൾ സ്വാഭാവിക ഭാഷകൾ മനസ്സിലാക്കുകയും വിശകലനം 

െചയ്യുകയും േവണം. നാച്ചുറൽ ലാംഗ്വേജ ്പ്രോസസ്സിംഗ ് (എൻഎൽപി) െടക്നിക്കുകളും നാച്ചുറൽ 

ലാം ഗ്വേ ജ ് അണ്ടർസ്റ്റാൻഡിം ഗ് (എൻഎൽയു ) െട ക്നിക്കുക ളും മ നുഷ്യ - െമഷീ ൻ 

ആശയവിനിമയത്തിെല െവല്ലുവിളികെള അഭിസംബോധന െചയ്യുന്നു. വിവര വീണ്ടെടുക്കൽ 

(ഐആർ ) , ചോ ദ്യോത്ത ര ( ക്യു എ ) സം വി ധാ നങ്ങ ൾ കമ്പ്യൂ ട്ട റു ക ളു മാ യു ള്ള 

ആശയവിനിമയത്തിനുള്ള ഇന്റർേഫസുകളായി പ്രവർത്തിക്കുന്നു. വിവര വീണ്ടെടുക്കലിൽ, ഒരു 

വലിയ ഡോക്യുെമന്റ്  േശഖരത്തിൽ നിന്ന് ഒരു കൂട്ടം ഡോക്യുെമന്റുകൾ ലഭിക്കുന്നു, അേതസമയം 

ചോദ്യ ഉത്ത സംവിധാനങ്ങൾ ഉപയോക്താവിന്റെ ചോദ്യങ്ങൾക്ക് ഏറ്റവും പ്രസക്തവും 

ഉചിതവുമായ ഉത്തരങ്ങൾ നൽകാൻ ലക്ഷ്യമിടുന്നു.


	 ആരോഗ്യേമഖലയിെല സംേവദനാത്മക മലയാളം ചോദ്യോത്തര സംവിധാനത്തിന്റെ 

വിപുലമായ അന്വേഷണത്തിലാണ ് ഈ പഠനം ശ്രദ്ധ േകന്ദ്രീകരിക്കുന്നത.് ഉപയോക്താക്കളുെട 

ആരോഗ്യവും ക്ഷേമവും സംബന്ധിച്ച ചോദ്യങ്ങെള ഫലപ്രദമായി അഭിസംബോധന െചയ്യാൻ 

കഴിവുള്ള ശക്തമായ സംവിധാനം വികസിപ്പിക്കുക എന്നതാണ് ലക്ഷ്യം . ഈ ലക്ഷ്യം 

േനടുന്നതിന,് േവഡ് എംബഡിംഗ,് ൈഹബ്രിഡ് ട്രാൻസ്ഫോർമർ അധിഷ്ഠിത മോഡലുകൾ 

പോലുള്ള നൂതന എൻഎൽപി െടക്നിക്കുകൾ ഉപയോഗിക്കുന്നു. തുടക്കത്തിൽ, തുടർച്ചയായ 

ബാഗ ് ഓഫ ് േവഡ്സ് (സിബിഒഡബ്ല്യു), സ്കിപ്പ്-ഗ്രാം മോഡലുകൾ എന്നിവ ഉപയോഗിച്ച് 

വാക്കുകൾ തമ്മിലുള്ള െസമാന്റിക് ബന്ധങ്ങൾ കണ്ടെത്താൻ േവഡ് എംബഡിംഗ ് ഉപയോഗിച്ചു. 

തുടർന്ന്, ട്രാൻസ്ഫോർമർ ആർക്കിെടക്ചറിന്റെ ശക്തി പ്രയോജനപ്പെടുത്തി, ക്യുഎ ടാസ്കിനായി 

െബർട്ട് മോഡൽ നന്നായി ക്രമീകരിച്ചു. കൂടാെത, െബർട്ട് മോഡലിൽ േവഡ് എംബഡിംഗ,് റീഡർ-

റിട്രീവർ ൈപപ്പ് ൈലൻ ആർക്കിെടക്ചർ എന്നിവ ഉൾപ്പെടുത്തി ഞങ്ങൾ ഒരു പുതിയ ൈഹബ്രിഡ് 

െബർട്ട് മോഡൽ ബയോക്യുഎ-െബർട്ട് അവതരിപ്പിക്കുന്നു. കൂടാെത, ലോറ അൽഗോരിതവും  



ഏറ്റവും പുതിയ ലാർജ ്ലാംഗ്വേജ ്മോഡലായ എൽഎൽഎഎംഎ എന്നിവ െബർട്ട് മോഡലുമായി 

സംയോജിപ്പിച്ചു.


	 ആദ്യ ഘട്ടത്തിൽ, േവഡ് എംബഡിംഗ ്അടിസ്ഥാനമാക്കിയുള്ള ചോദ്യോത്തര സംവിധാനം 

നിർദ്ദേശിച്ചു. വ്യാഖ്യാനിച്ച, മലയാളം ചോദ്യോത്തര ഡാറ്റാ െസറ്റ് ഉപയോഗിച്ച് ഒരു േവഡ് 

എംബഡിംഗ ്മോഡൽ വികസിപ്പിച്ചു. േവഡ് എംെബഡിംഗ ്അൽഗോരിതം സീബോവ് , സ്കിപ്ഗ്രാം 

എന്നിവ ഈ പഠനത്തിനായി ഉപയോഗിക്കുന്നു. അവയിൽ, സ്കിപ്ഗ്രാം അൽഗോരിതം ഞങ്ങളുെട 

ഡാറ്റാ െസറ്റിൽ ഏറ്റവും ഉയർന്ന കൃത്യത പ്രകടമാക്കി. മനുഷ്യ ഭാഷാ ധാരണയും യന്ത്ര 

യുക്തി യും തമ്മി ലുള്ള വി ഭ ജ നം കു റ യ്ക്കാൻ ഈ സം വി ധാ നം ലക്ഷ്യ മി ടുന്നു . 

ഉപയോക്താക്കളുെട ചോദ്യങ്ങൾക്ക് കൃത്യവും പ്രസക്തവുമായ ഉത്തരങ്ങൾ നൽകാൻ സിസ്റ്റത്തിന് 

കഴിയും.ചോദ്യോത്തര സംവിധാനത്തിന്റെ ഫലപ്രാപ്തിക്ക് ഗണ്യമായ സംഭാവന നൽകിയ ഒരു 

പ്രധാന മുന്നേറ്റം േവഡ് എംബഡിംഗ ്ഉൾപ്പെടുത്തിയതാണ്.


	 അടുത്ത തലത്തിൽ, ചോദ്യോത്തരത്തിനായി വ്യത്യസ്ത െബർട്ട് മോഡലുകളുെട 

വിശദമായ വിശകലനം നടത്തി. ഇവിെട ഞങ്ങൾ വ്യത്യസ്ത മുൻകൂട്ടി പരിശീലനം ലഭിച്ച െബർട്ട് 

മോഡലുകൾ ഉപയോഗിച്ചു - ആൽബർട്ട്, ഡിസ്റ്റിൽെബർട്ട്, സ്ട്രക്റ്റ്ബെർട്ട്, റോെബർട്ട. തുടർന്ന് 

െഹൽത്ത് ഡൊെമയ്നിൽ സജ്ജീകരിച്ച മലയാളം ചോദ്യോത്തര ഡാറ്റ ഞങ്ങളുെട അനോട്ടേറ്റഡ് 

സ്ക്വാഡ് ഫോർമാറ്റ് ഉപയോഗിച്ച് അവ നന്നായി ക്രമീകരിച്ചു. ഇവിെട ഞങ്ങൾ ഓരോ െബർട്ട് 

മോഡലിലും േവഡ് എംബഡിംഗ,് ഒരു ൈഹബ്രിഡ് റീഡർ-റിട്രീവർ ൈപപ്പ് ൈലൻ ആർക്കിെടക്ചർ 

എന്നിവ ഉൾപ്പെടുത്തി. ലോറാങ്ക് അഡാപ്റ്റേഷൻ (ലോറ) അൽഗോരിതം, െബർട്ട് മോഡലിനൊപ്പം 

എൽഎൽഎഎംഎ എന്നിവ ഉൾപ്പെടുത്തിക്കൊണ്ട് ഒരു ചോദ്യോത്തര മോഡൽ ബയോക്യുഎ-

െബർട്ട് കണ്ടു പിടിച്ചു. െബർട്ട് മോഡലുകളുമായി ലോറ, എൽഎൽഎഎംഎ എന്നിവ 

അവതരിപ്പിച്ചതിനുേശഷം എഫ്1 സ്കോറിൽ വർദ്ധനവ് പരീക്ഷണ ഫലങ്ങൾ സൂചിപ്പിച്ചു. 

ഉപസംഹാരമായി, മലയാളം ചോദ്യോത്തരത്തിന്റെ അവസ്ഥെയക്കുറിച്ചും െവല്ലുവിളികെളക്കുറിച്ചും, 

പ്രത്യേകിച്ച് ആരോഗ്യേമഖലയിൽ, കാര്യമായ ഉൾക്കാഴ്ചകൾ ഈ പഠനം നൽകുന്നുണ്ടെങ്കിലും,  

അത ് ഭാഷയുെട അന്തർലീനമായ സങ്കീർണ്ണതകളാലും ഈ േമഖലയിെല പരിമിതമായ 

കീഴ്വഴക്കങ്ങളാലും ഇത ്ബന്ധപ്പെട്ടിരിക്കുന്നു.



Chapter 1

INTRODUCTION

1.1 Introduction

Communicating with computers using natural languages has been a longstanding mis-

sion of mankind since the advent of Artificial Intelligence (AI) and Machine Learning

(ML) methods. Natural Language Processing (NLP), Machine Learning (ML), and Deep

Learning (DL) are some of the techniques that enable this goal. In recent times, Large

Language Models (LLM)s [18] have gained significant impact on this. Some of the most

common NLP applications include Text Summarization, Machine Translation (MT), Sen-

timent Analysis, Automatic Speech Recognition (ASR), Information Retrieval (IR), and

Question Answering(QA), etc. Among them, Information Retrieval (IR) and Question

Answering (QA) are two of the most thriving research areas.
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A huge volume of data is scattered across the web and a large number of people are

engaged in information access simultaneously. Computers must understand and analyze

natural languages for accurate and effective communication NLP and NLU techniques are

used to address the challenges related to man-machine interaction, and Question Answer-

ing Systems (QAS) are used for human-computer interaction. Information Retrieval (IR)

system aims to retrieve a collection of document sets. On the other hand, the Question

Answering System (QAS) focuses on retrieving precise answers to users’ queries[62].

Question Answering employs a diverse set of methods to enable computers to under-

stand and respond to users’ queries effectively. NLP techniques, including Tokenization,

Part-Of-Speech Tagging, Stemming, and Lemmatization, provide the foundation for lan-

guage comprehension by breaking down and analyzing text. Word Embedding techniques,

such as CBOW, and Skip-Gram, are used to represent words as vectors, capturing seman-

tic relationships and enhancing language understanding. Deep learning techniques, such

as Recurrent Neural Networks (RNN), Long Short Term Memory (LSTM), and advanced

Transformer models like BERT and LLM, revolutionize Question Answering by enabling

neural networks to grasp intricate language structures and context, achieving state-of-

the-art performance. Combining these methods allows Question Answering Systems to

navigate the complexities of language, providing accurate and contextually relevant re-

sponses to users’ queries.

1.2 Question Answering and Information Retrieval

Question Answering (QA) and Information Retrieval (IR) are two foundational com-

ponents of Natural Language Processing (NLP) that play a crucial role in facilitating
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effective communication. Information Retrieval involves the process of retrieving perti-

nent documents from a vast collection. Techniques such as indexing, ranking, and retrieval

models are employed to align user queries with relevant documents [92]. IR systems are

commonly deployed in search engines, providing users with a list of documents that match

their queries.

In contrast, Question Answering goes beyond the retrieval of documents, focusing on

providing specific answers to users’ queries. Unlike Information Retrieval, Question An-

swering Systems aim to comprehend the intent behind questions and furnish concise and

accurate responses. These systems utilize various techniques, including Natural Language

Understanding (NLU), Information Extraction (IE), and Knowledge Representation [115],

to analyze and process questions to retrieve the most appropriate answers. QA systems

cater to a broad spectrum of inquiries, from simple fact-based questions to complex queries

demanding deeper understanding and reasoning.

Both Information Retrieval and Question Answering Systems are pivotal in facilitating

information access and interaction with computers. While Information Retrieval offers

a broader set of relevant documents, QA systems strive to directly answer users’ spe-

cific questions[93]. These technologies find extensive application in search engines, virtual

assistants, customer support systems, and other contexts where users require swift and

accurate access to information. Advances in machine learning and deep learning have sig-

nificantly enhanced the performance of both IR and QA systems, enabling more effective

and precise answer retrieval capabilities.
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1.3 Natural Language Processing

Natural Language Processing (NLP) is the branch of Artificial Intelligence (AI) and

Computer Science (CS), that has undergone dramatic changes in its applications and

technologies. It deals with how efficiently computers can understand text and speech

in the same manner as humans. Natural Language Processing combines the features of

Computational Linguistics (CL), Statistical Modeling(SM), Machine Learning (ML), and

Deep Learning (DL) techniques. These capabilities enable computers to identify, process,

and understand human languages in text or speech, grasping the meaning and intent of

human thought. Various NLP techniques are used to break down natural languages to

make them in computer-understandable format[82]. Some of the important NLP tasks

include:

• Part Of Speech (POS) tagging: This process identifies the part of speech of a given

text based on its context.

• Named Entity Recognition (NER): This technique identifies words or phrases as

meaningful entities.

• Word Sense Disambiguation (WSD): This approach selects the meaning of a word

with multiple meanings [111].

• Co-reference Resolution (CR): This determines if two words refer to the same

entity[139].

• Finally, Natural Language Understanding (NLU) is the process of infusing struc-

tured information into natural languages [53].

4



1.4 Features Malayalam Language

Malayalam, a Dravidian language, recognized as both the official and spoken language

of Kerala, finds its place within the southern group of languages. The linguistic tapestry

of Malayalam is intricately woven, drawing influences from languages such as Tamil and

Sanskrit [109]. Within this rich linguistic mosaic, which encompasses nouns, verbs, and

adjectives, one encounters a profound inflection of words. A nested complexity character-

izes this inflection, adding layers to identifying morphological features.

Malayalam stands out for its linguistic nature marked by intricacy and agglutination.

In agglutinative languages like Malayalam, the formation of words involves combining

a sequence of morphemes [101], introducing a higher level of intricacy to its structural

composition [135]. Some notable features of the Malayalam language are discussed below:

• Agglutinative Structure:

Malayalam is an agglutinative language, meaning that it forms words by combining

root words with various affixes. This feature can impact tokenization and morpho-

logical analysis during NLP tasks[101].

• Complex Morphology:

Malayalam exhibits complex morphological variations, especially in verb conjuga-

tions and noun inflections. NLP systems need to handle the rich morphological

structure to accurately understand and generate text[135].

• Vowel Harmony:

Malayalam employs vowel harmony, where the vowels in a word tend to harmonize

in terms of nasality. This aspect should be considered during phonetic analysis and
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pronunciation modeling.

• Script and Orthography:

Malayalam has its script, which is an abugida (a writing system where consonant-

vowel sequences are written as a unit). Handling this script in NLP involves ad-

dressing the unique characteristics of the Malayalam writing system.

• Sandhi Rules:

Malayalam employs sandhi rules, which involve changes in the sounds of adjacent

words when they are combined. NLP systems need to account for these rules during

text processing to maintain linguistic accuracy.

• Politeness Levels:

Malayalam, like many other languages, has distinct levels of politeness in speech.

Understanding and incorporating these nuances is crucial in sentiment analysis,

chatbots, and other applications that involve human-computer interaction.

• Code-Switching:

Code-switching is common in Malayalam, where speakers seamlessly switch between

Malayalam and English or other languages within a conversation. NLP models

should be designed to handle multilingual contexts and variations.

• Idiomatic Expressions:

Malayalam has a rich collection of idiomatic expressions and colloquialisms. Proper

understanding of these expressions is essential for accurate sentiment analysis and

natural language understanding.

• Dialectical Variations:

Malayalam exhibits dialectical variations across different regions of Kerala. NLP

models should be robust enough to recognize and handle these variations for appli-

cations like speech recognition and machine translation[83].
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• Lack of Standardized Resources:

Unlike some major languages, Malayalam may have limited standardized resources,

such as large annotated corpora, which can pose challenges for training and evalu-

ating NLP models.

Understanding and accommodating these features in NLP systems designed for Malay-

alam is crucial for developing effective applications that cater to the linguistic nuances of

Malayalam speakers. [83]. This linguistic complexity poses substantial language process-

ing challenges, especially in constructing a Question Answering System explicitly for the

Malayalam language. The endeavor to embark upon such a task is laborious and presents

a formidable challenge.

1.5 Motivation and Challenges for the Research Work

Currently, a limited number of research studies have been conducted on Question An-

swering in the Malayalam language, particularly at the semantic level. Addressing the

specific challenge of semantic Malayalam Question-answering within the healthcare do-

main is essential and holds significant influence. While substantial research exists for

Question Answering in English and some other global languages, it is crucial to recognize

the linguistic diversity in India. Not all residents are proficient in English. Therefore, cre-

ating Question Answering Systems (QAS) in regional Indian languages such as Malayalam

and Tamil can have a profound impact and is highly relevant.

In Malayalam, the majority of words, including nouns, verbs, adjectives, and adverbs,

undergo heavy inflections, providing information such as a person, number, tense, and
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mood, respectively. These inflections are often nested, adding a layer of complexity to

the identification of morphological features. Malayalam boasts a productive morphology

that allows the creation of complex words, introducing a high level of ambiguity. Due to

the complexity of the Malayalam language, implementing a semantic Question Answering

System (QAS) is a tedious and time-consuming task. Existing QAS designed for other

languages may not be suitable for Malayalam due to its intricate nature, making language

processing more challenging.

1.6 Problem Statement and Objectives

This research work is dedicated to developing a specialized Malayalam Question An-

swering System (QAS) designed for the health domain, with the primary objective of

effectively addressing users’ health-related inquiries. In this ambitious undertaking, in-

tegrate advanced semantic-level processing techniques into both queries and documents,

aiming to provide users with accurate and contextually relevant answers. To accomplish

this challenging task, used various NLP techniques, Word Embedding algorithms, and

hybrid BERT models by integrating LoRA, an efficient fine-tuning algorithm, and the

latest Large Language Model, LLaMA for enhanced performance.

The main objectives of this study are

• To collect Malayalam health-related documents and annotate them to create a stan-

dard Malayalam Question Answering Data set- MQaAD.

• To generate Word Embedding for the collected health data set and develop a Ques-

tion Answering model.
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• To re-train and optimize various BERT models, integrate a Reader-Retriever pipeline

architecture with BERT models, and then compare their performance.

• To develop a new model, the BioQA-BERT model, by integrating the LoRA algo-

rithm and LLaMA with the optimized BERT model.

1.7 Main Contributions

The primary contributions of this research work are multifaceted, encompassing various

stages of data preparation, model development, and optimization, all aimed at enhancing

the performance of Malayalam Question Answering Systems (QAS).

The key contributions of this research work include:

• Development and annotation of a Malayalam Question Answering Data set - MQuAD

in the standard SQuAD format.

• Creation of Word Embeddings and development of a Question-Answering (QA)

model.

• Re-train and fine-tune different BERT models by integrating Reader Retriever

pipeline architecture, then compare the performance.

• Development of a new model BioQA-BERT by incorporating LoRA and LLaMA

with the optimized BERT model RoBERTa.

This research significantly advances Malayalam Question Answering Systems by cre-

ating and annotating a dedicated data set, generating customized Word Embeddings,
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and investigating BERT models with the Reader-Retriever pipeline. The introduction of

the BioQA-BERT model goes beyond conventional approaches by integrating innovative

attention mechanisms, enhancing linguistic role-aware processing. Collectively, these con-

tributions improve the efficacy of natural language understanding and processing within

the Malayalam language context.

1.8 Research Design and Work Flow

The research design and the overall workflow of this system encompass a multi-stage

process, carefully designed to ensure efficiency and accuracy in handling complex Question

Answering tasks. It unfolds through several key stages, each contributing to the system’s

robustness and effectiveness. Figure 1.1 serves as a visual guide, encapsulating the in-

tricate stages of the workflow. It provides a clear depiction of the system’s architecture,

showcasing the interconnected processes from query and document pre-processing to the

various levels of Question Answering tasks and ultimate answer retrieval.

• Query and Document Pre-processing: The journey begins with the pre-processing of

both queries and documents. Raw textual data undergoes a series of transformations

to ensure uniformity, cleanliness, and optimal representation for subsequent stages.

This involves steps such as tokenization, stemming, and stop word removal. The

goal is to create a refined and standardized dataset that serves as the foundation

for subsequent analyses.

• Feature Vector Creation and Modeling: Once the pre-processing is complete, the

system moves into the modeling phase. Here, various Natural Language Processing

(NLP) techniques and Neural Network models are used. These models are trained
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Figure 1.1: Work Flow of the System
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on the pre-processed data to understand the intricate patterns, relationships, and

semantic relationships within the text.

• Question Answering Tasks: The system excels in handling different levels of Ques-

tion Answering tasks. This involves a hierarchy of challenges, ranging from straight-

forward factual questions to more complex inquiries that require deeper comprehen-

sion and reasoning.

• Answer Retrieval: An integral part of the system is the answer retrieval stage.

This involves the systematic retrieval of relevant information from the pre-processed

documents based on the input query. The system employs advanced algorithms and

techniques to pinpoint the most accurate and contextually appropriate answers.

The overall workflow of the entire system is depicted in Figure 1.1.

There are three levels of implementation: Word Embedding-based Question Answering,

BERT-based model, and hybrid BERT model with LoRA and LLaMA.

The workflow of this system shows a meticulous approach to handling complex Question

Answering tasks. Through stages of pre-processing, document modeling, and answer

retrieval, the system navigates the intricacies of natural language, offering a comprehensive

solution for extracting meaningful answers from a corpus of documents.

1.9 Organisation of the Thesis

This section presents the overview of the entire thesis and an insight into the work con-

tributions. The overall structure of the thesis is shown in Figure 1.2.
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Figure 1.2: Thesis Outline

• Chapter 1 is the introduction, and the rest of the thesis is organized as follows.

• Chapter 2 provides a detailed review of research in the field of Information Retrieval

(IR) and Question Answering (QA), along with a discussion of background theories

such as Machine Learning (ML), Deep Learning (DL), and transformer models for

building Question Answering Systems (QAS).
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• Chapter 3 describes the development and annotation of the Malayalam Question-

Answering data set MQuAD, followed by various pre-processing techniques and

document modeling for Question Answering.

• Chapter 4 details the development of a Word Embedding and similarity measures-

based Question Answering model.

• Chapter 5 encompasses the development of a hybrid Question Answering model by

incorporating a Reader-Retriever pipeline architecture with BERT models.

• Chapter 6 describes developing an enhanced BERT model - BioQA-BERT for Ques-

tion Answering, by integrating LoRA and LLaMA with BERT models.

• Chapter 7 discusses the performance analysis and discussion of various proposed

Question Answering models.

• Chapter 8 summarizes the present work, emphasizes its importance, and outlines

major contributions.

• Finally, Chapter 9 provides recommendations and a road map for future research.
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Chapter 2

Review Of Literature and Background

Theory

2.1 Introduction

In this chapter, the focus is on reviewing the existing research works related to the

implementation of a Question Answering System (QAS) and providing a background

study for the work at hand. This review serves as a critical foundation for understanding

the current state of the field and the context in which the present research is situated.

The principal aim of this phase is to perform an exhaustive examination of the literature

about the deployment of Question Answering Systems (QAS).

This comprehensive examination establishes a robust background study, laying the

groundwork for the research at hand. By investigating the wealth of prior investigations,
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we aim to gain a deep understanding of the current state of the field, identify key trends,

and ascertain the contextual landscape within which our present research is situated.

The review encompasses a wide spectrum of QAS, spanning various domains and

methodologies, providing valuable insights into the evolution of this field over time. By

critically assessing the strengths, limitations, and innovations of previous studies, this

aims to impose the collective knowledge to inform and enhance the design, methodol-

ogy, and contributions of the research. This chapter, therefore, plays a pivotal role as

a foundational element, ensuring that the work is well-informed and positioned to make

meaningful contributions within the broader context of the Question Answering process.

2.2 Review of Literature

This section thoroughly examines the extensive research efforts that have shaped the

domain of Question Answering Systems (QAS). Excavating into the historical trajec-

tory of these systems, Try to clarify significant milestones and breakthroughs that have

shaped the current landscape, drawing insights from Mishra’s influential survey on the

subject.[87]. Encompassing a broad spectrum of approaches, methodologies, and technolo-

gies utilized in prior works, explore diverse paradigms, including Rule-based Information

Retrieval, Machine Learning, and Deep Learning methods. This examination critically

assesses the strengths and weaknesses inherent in each approach, shedding light on their

respective contributions to the evolution of Question Answering Systems.

Moreover, this chapter explores deep various application domains where Question An-

swering Systems (QAS) have found practical utility. Ranging from healthcare and educa-
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tion to customer support and Information Retrieval, the review provides an over-arching

view of the diverse use cases and contexts in which these systems have been deployed. By

examining the applications, the systems gain valuable insights into the adaptability and

versatility of Question Answering Systems, showcasing their impact across different fields

[73].

In addition to investigating the application domains, the review extends to the con-

sideration of different data sets and evaluation metrics employed in prior research. This

analysis is crucial for comprehending the benchmarks and standards against which the per-

formance of Question Answering systems has been measured. Understanding the method-

ologies for evaluating these systems provides a foundation for assessing their effectiveness

and contributes to the establishment of best practices within the field. Altogether, this

chapter aims to distill a rich understanding of the historical, methodological, and con-

textual dimensions of Question Answering Systems, setting the stage for the innovative

contributions and insights to be unveiled in the subsequent sections of this research.

2.2.1 Review on Information Retrieval and Question Answering

In the research conducted by Nadia Soudani, Ibrahim Bounhas, et.al [133], an inno-

vative Arabic semantic IR system was elucidated, using a text-mining approach. The

authors introduced a versatile semantic search methodology based on semantic spaces,

offering a generic framework for effective Information Retrieval. Their work involved a

comprehensive experimental study, focusing on NLP tools for the Arabic language. This

comparative analysis shed light on the efficacy of various NLP tools in the context of

semantic search, providing valuable insights into their strengths and limitations.
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Furthermore, the study looks into the exploration of linguistic resources and their im-

pact on the performance of semantic search. By investigating the role of linguistic choices,

the authors highlighted the significance of fine-tuning semantic search engine results. The

research emphasized that the thoughtful utilization of linguistic resources can significantly

enhance the precision and relevance of the semantic search outcomes. This underscores

the relationship between language features and the effectiveness of semantic search, rein-

forcing the idea that linguistic considerations play a pivotal role in refining and optimizing

Information Retrieval systems. The findings of the study contribute to the broader dis-

course on semantic search methodologies, particularly in the context of Arabic language

processing, providing valuable insights for researchers and practitioners in the field.

Incorporating a knowledge-based approach, the system seamlessly integrated a Ques-

tion Answering module designed for Arabic Semantic Disambiguation with a dictionary.

The WSD process was skillfully executed through the application of a Sense Recognition

algorithm. To explore diverse avenues for Semantic Information Retrieval, the system

conducted experiments employing semantic spaces. These experiments encompassed rig-

orous tests utilizing various morphological analyzers and linguistic resources, contributing

to a comprehensive evaluation of semantic disambiguation methodologies within the Ara-

bic language context. The Mean Average Precision (MAP) for the system falls in ranges

between 0.97% and 7.52%.

In a separate study, Shengxian, Yanyan, et. al [11]. introduced an innovative deep neu-

ral network architecture designed for semantic matching, as documented in their work.

The proposed architecture, named MV-LSTM, is characterized by multiple positional

sentence representations, offering a novel approach to capturing semantic relationships.

Central to this architecture is the utilization of a Bidirectional Long Short-Term Mem-
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ory (Bi-LSTM) network, strategically employed to model the intricate interactions be-

tween sentence representations. This modeling process incorporates three operations:

bi-linear, and tensor layer, providing a comprehensive understanding of the semantic in-

terplay within the given context.

To further refine the captured interactions, the k-max pooling strategy is introduced,

enabling the selection of the top k-strongest interactions. The final output is generated

through a Multi Layer Perceptron (MLP), contributing to the network’s ability to discern

intricate semantic patterns. The model undergoes training using Back-propagation and

Stochastic Gradient Descent (SGD), optimizing its performance for the intended semantic

matching tasks.

They tested out the MV-LSTM architecture in tasks like Question Answering (QA)

and sentence completion, focusing on how well it handles understanding the meaning

of words and phrases. The results were impressive, showing a big 11.4% improvement

compared to the usual method. This highlights how effective the MV-LSTM architecture

is at grasping and using the meaning behind words to boost performance in these language

tasks. So, not only does this study bring in a cool new way of designing neural networks,

but it also shows how well it works in real-world situations, especially when it comes to

understanding the meaning of sentences

In their research, Saravanakumar Kandasamy et. al. [55] presented a methodology

aimed at enhancing open-domain Question-answering, as documented in their work. The

proposed method comprises two pivotal components: query processing and document pro-

cessing. Within the aspect of query processing, the authors used different methods such

as POS tagging, Parsing, Keyword extraction, Syn set identification NER and Similarity
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Measurement. These techniques collectively contribute to the generation of alternative

queries, fostering a more nuanced and expansive understanding of user inquiries. On

the document processing front, the method involves intricate processes like Uniform Re-

source Locator (URL) weight calculation and Latent Semantic Analysis (LSA), refining

the retrieval of answers. The precision of the system is evaluated as 0.77 and the Mean

Reciprocal Rank (MRR) at 0.79.

Similarly, Arora, Foster et. al. [7] focused on improving Information Retrieval within

the context of the WebAP data set by employing Query Expansion (QE) methods. Their

diverse approaches encompass Pseudo Relevance Feedback (PRF), and Word Embedding

of query words, strategically addressing the challenge of differences in query-document

terms. The Word Embedding is accomplished through a feed-forward neural network,

utilizing contextual information to predict a word. This innovative approach enhances

the representation of query terms, mitigating the semantic gap and ultimately improving

the effectiveness of information retrieval systems. The system evaluation was performed

in terms of Normalized Discounted Cumulative Gain (NDCG) and the MRR. They are

evaluated as 0.16 and 0.36 respectively.

In the research conducted by Nouha, Rim et. al. [95], the focus was on a Computational

Question Answering (CQA) system. To overcome the lexical gap between questions, they

employed a method based on the Word Embedding algorithm Word2Vec for the semantic

modeling of words in a continuous vector space. The questions underwent ranking based

on cosine similarity, where a previously posed question with a high similarity score to

the newly queried question would be retrieved, along with its corresponding answer. The

performance was evaluated using MAP, resulting in scores ranging from 0.39 to 0.45 across

different models.
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In another paper, Othman, et. al.[96] explain the intricate task of similar question re-

trieval within the realm of Community QA. The primary challenge addressed is locating

historical questions that exhibit semantic equivalence to new queries, a task further com-

plicated by the expanding archives of community forums and similar questions. Existing

methods, often reliant on supervised models with extensive training data sets and manual

feature engineering, encounter limitations due to their specificity, overlooking word or-

der and insufficiently capturing syntactic and semantic information inherent in questions.

This research aims to overcome these challenges by exploring innovative approaches to

learning semantic representations that can enhance the effectiveness of similar question

retrieval in the dynamic landscape of Community-driven Question Answering Systems.

The researchers advocate for a deep learning methodology employing Neural Net-

works (NN), specifically using a Siamese architecture with LSTM networks. This model

incorporates an attention mechanism designed to discern word attention disparities during

the modeling of questions. Moreover, Convolutional Neural Networks (CNN) are investi-

gated within the Siamese architecture to facilitate pertinent question retrieval. The study

explores multiple similarity measures to assess their efficacy in predicting semantic simi-

larity between pairs of questions. The proposed approach undergoes rigorous evaluation

through experiments conducted on extensive data sets encompassing both English and

Arabic languages.

In their research, Shenghui Wang and Rob Koopman [151] conducted a comparative

analysis of Word Embeddings, specifically examining Word2Vec and GloVe, against their

novel Ariadne method. They used the document embedding method, Doc2Vec to perform

Information Retrieval tasks on the Medline dataset. The reported average recall rates for

the Doc2Vec and Ariadne methods were 93.3% and 86.3%, respectively. Significantly,
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the findings demonstrated that Ariadne performs comparably well to Doc2Vec in spe-

cific Information Retrieval scenarios. Particularly noteworthy is Ariadne’s proficiency in

providing contextual information about a word, making it a favorable choice in certain

contexts.

In a different work, Prathyusha Kanakam, S. Mahaboob Hussain, and D. Suryanarayana

[54] presented an algorithm designed for querying the semantic web. Their approach em-

ploys the SPARQL querying language and incorporates Linked Open Data Quality As-

sessment (LODQA) for information search, transforming query documents into numerical

vectors. The Web Ontology Language (WOL) is utilized to describe relationships among

different classes and corresponding relationships with SPARQL facilitating the retrieval

of the most relevant answers. The study follows the High-Performance Linguistics algo-

rithmic process, contributing to the effectiveness and precision of the proposed semantic

web querying system.

In their study, Reshma PK and Lajish VL [110] introduced a semantic Information

Retrieval model for the Calicut University domain, employing ontology through the uti-

lization of Protege. This model uses ontology to facilitate the comparison of conceptual

information across two knowledge bases on the web. Ontology, in this context, formally

articulates a set of terms representing crucial concepts, including classes of objects and

their interrelationships, thereby encapsulating a specific domain of knowledge. The WOL

is employed as the tool for constructing these ontologies, involving distinct stages such

as ontology capture, and ontology coding. The procedural method encompasses defining

classes and their hierarchical structures, specifying object properties, defining instances

of ontologies, and executing queries through DLQuery. The system’s performance is eval-

uated through recall and precision parameters reported as 56% and 87% respectively.

22



Pratibha, Parul et.al. [9] explored the development of a Cross-Language Information

Retrieval (CLIR) system specifically tailored for English to Hindi language translation. In

their research, they conducted experiments using documents retrieved from Google and

Bing search results. A key focus of their work was the implementation of a two-level word

sense disambiguation model designed to disambiguate Hindi words within the context of

the English language. To enhance the efficiency of both translation and disambiguation

processes, the researchers introduced a valuable new component, namely the analyzer,

into the fundamental CLIR architecture.

This innovative approach aimed to optimize the system’s performance in handling the

intricacies of language translation and word sense disambiguation. The MAP values

obtained for Bing and Google queries were reported as 0.35 and 0.45, respectively. These

results underscored the efficacy of their two-level word sense disambiguation model and

the overall system architecture in facilitating accurate and meaningful cross-language

information retrieval between English and Hindi.

D Thenmozhi and Chandrabose Aravindan [142] spearheaded the creation of a CLIR

system catering specifically to Tamil-English translation within the agriculture domain.

Their innovative approach integrated the use of Ontology and Word Sense Disambiguation

to enhance the precision and relevance of retrieved information. This system demonstrates

a Mean Average Precision (MAP) of 95.36%, highlighting its effectiveness in facilitating

accurate cross-language information retrieval.

In a parallel vein, Singh and Mishra [127] developed a semantic Information Retrieval

system geared towards legal cases, as outlined in their work. This system leverages the

Ontology merger and extends the GAIA methodology to incorporate comprehensive in-
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formation about legal cases. Notably, the model goes beyond simple retrieval, providing

reasoning capabilities to enhance the depth and context of the information retrieved. This

advanced semantic Information Retrieval system offers a robust framework for navigating

the complexities of legal case data, showcasing the potential for innovative methodologies

to enrich information retrieval in domain-specific contexts.

In their work, Piyush Mital and Saurabh Agrawal [88] introduced a question-answering

system that relies on graphs, with a specific application to Wikipedia documents. Their

methodology encompassed the development of an information retrieval and information

extraction system by converting unstructured document sets into structured graphs and

also integrating natural language question processing. To improve the system’s under-

standing of input queries and generate graph elements, the researchers employed a range

of NLP techniques, including semantic role extraction, phrase chunking, and concept

extraction.

The system’s performance was evaluated, yielding notable results. The precision, recall,

and average accuracy metrics were reported as 85.45%, 86.28%, and 80.1%, respectively.

These outcomes underscore the efficacy of the graph-based Question Answering System in

effectively transforming unstructured textual information into structured graphs, enabling

accurate and insightful responses to natural language queries, particularly within the

context of Wikipedia documents.

Dwaipayan Roy and Debasis Ganguly [118] introduced a query expansion technique

based on Word Embeddings for the Information Retrieval system. They performed their

experiment with Wikipedia documents. They utilized two distinct models, namely i)

Word2Vec and ii) Fast-Text. For learning they used subword information. The calcula-
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tion of word similarity employed Jaccard similarity metrics. To match query terms with

embedded documents, they applied the Composition method with Indexing Units. The

MAP for the Word2Vec and Fast-Text models was evaluated as 0.23 and 0.24, respectively.

Additionally, their findings indicated that Word2Vec demonstrated effectiveness on

stemmed collections, while Fast-Text excelled on unstemmed collections. This research

not only introduced a novel approach to query expansion but also provided insights into

the comparative performance of different Word Embedding models in the specific context

of Information Retrieval from Wikipedia documents.

Shomi Khan, Khadiza Tul et. al. [126] undertook efforts to enhance the answer extrac-

tion process within the Bengali question-answering system. In their study, they showcased

the utilization of a WordNet and web document hierarchy for answer matching, by us-

ing Anaphora Catephora Resolution (ACR). WordNet, in this context, is employed as a

lexical database that enriches the understanding of word relationships and meanings.

The proposed methodology incorporates a hierarchical structure of web documents,

leveraging semantic matching techniques to improve the accuracy of answer extraction.

Notably, Anaphora Catephora Resolution (ACR) is employed to address co-referential

relationships within the text, enhancing the system’s ability to identify and extract rele-

vant answers. The average accuracy of the system was observed to be 74%, underscoring

the effectiveness of their approach in elevating the performance of the Bengali question-

answering system. This research contributes valuable insights into advancing answer

extraction methodologies in multilingual contexts.
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A novel query expansion framework based on learning-to-rank techniques was intro-

duced by Bo Xu, Hongfei Lin, and Yuan Lin [157] for biomedical information retrieval.

They chose candidate expansion terms by incorporating the MeSH thesaurus into a co-

occurrence-based term selection process inside this framework. To refine these expansion

words, feature vectors representing the terms were created by defining and extracting

resource- and corpus-based term features. The development of term-ranking models was

therefore made easier by using these vectors as inputs for learning-to-rank techniques.

Several learning-to-rank techniques were investigated in the study to train these models.

The Average MAP was used to evaluate the system’s performance, and the result was

0.35.

They suggested learning-to-rank techniques to optimize the pseudo-relevance feedback

method, a traditional query expansion strategy. The goal of this optimization was to

improve the set of expansion words’ accuracy. The combined efforts of these projects

progress the domain of biological information retrieval by presenting new techniques for

query expansion that take advantage of learning-to-rank techniques to achieve better

results.

Manasamithra P. and H. C. Vijayalakshmi [80] presented a novel technique that uses a

hybrid approach to convert natural language questions into queries that can be understood

by the system. This hybrid approach uses the B-tree, an effective data structure, to

store keywords that act as a knowledge base, smoothly integrating both keyword-based

and semantic-based techniques. A dependency parser is used in the proposed system’s

semantic analysis to enable an extensive understanding of the user’s natural language

input.
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In the experimentation phase, the system was applied to an employee database, demon-

strating its practicality and effectiveness. The analysis revealed a significant reduction in

execution time, with an impressive 86% decrease when employing the B-tree data struc-

ture. This outcome underscores the efficiency and optimization brought about by the

hybrid approach, showcasing its potential to enhance the processing speed and overall

performance of natural language query conversion systems. The proposed methodology

not only advances the field of natural language processing but also introduces a practical

solution for transforming user queries into a format comprehensible to computer systems.

Weiguo, Jeffrey et. al. [168], presented a sophisticated semantic Question Answering

System for knowledge graphs. Their solution leverages the strength of both the knowledge

graph and a large text corpus, utilizing an innovative and methodical methodology to

understand natural language inquiries through a wide range of templates. Semantic graphs

are then used to execute these templates, and a Stochastic Gradient Descent (SDG) is used

to help identify target templates. Effective entity-level and structural-level disambiguation

techniques were used by the researchers; these techniques are essential for transforming

natural language inquiries into structured queries.

In the final stage, a SPARQL query is constructed based on the processed natural lan-

guage question, leading to the retrieval of the corresponding answer. Two well-known

knowledge graphs were used in the study: Freebase and the Wikipedia text corpus-

Dbpedia. Impressive average precision values were achieved by the system; Dbpedia

and Freebase achieved 84.67% and 82.19%, respectively. This research represents a sig-

nificant stride in the development of semantic question-answering systems, showcasing its

potential to effectively navigate and extract valuable insights from knowledge graphs.
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A Semantic Sequential Dependence Model(SSDM) combining semantic data and the

conventional Sequential Dependency Model(SDM) was developed by Fan Fang, Bo-wen

Zhang et.al [32] for use in biomedical article search. Automatic synonym acquisition

was achieved by using Word Embeddings with the word2vec and skip-gram models. For

semantic integration, the neural network-based SSDM language model was employed.

Additionally, the researchers used the K-nearest neighbors (KNN) classification algorithm

to create a thesaurus.

The next step involved extracting query keywords from the generated thesaurus and

replacing them with synonyms. After that, the synonyms were used to produce possible

sequences that shared the same semantics as the original question. To get the findings that

were received, these sequences were entered into the SDM. This innovative approach, com-

bining semantic information and traditional modeling techniques, showcased its effective-

ness in enhancing biomedical article searches. The incorporation of neural network-based

models and semantic understanding enriches the depth of query processing, contributing

to improved retrieval outcomes in the context of biomedical literature.

A unique deep learning architecture called DeepRank was presented by Liang Pang,

Yanyan Lan, et. al. [98], to be used for relevance ranking in information retrieval.

Their method, which consists of three main parts, mimics the relevance rating process

used by humans. First, a query-centric context is used to find relevant sites. Next,

local relevance that is, the significance between each query-centric context and the query

itself is ascertained by utilizing two-dimensional Gated Recurrent Units (2D-GRU) in

conjunction with a Convolutional Neural Network (CNN). Ultimately, a global relevance

score is generated by combining the local relevances using an RNN.
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The DeepRank model undergoes training using the Stochastic Gradient Descent (SGD)

method. The effectiveness of the model was evaluated through experiments conducted

with LETOR4.0 and large-scale Chinese click-through data, resulting in Mean Average

Precision (MAP) scores of 0.49 and 0.41, respectively. This research demonstrates the

potential of the DeepRank architecture in enhancing relevance ranking for Information

Retrieval tasks, offering a valuable contribution to the field of deep learning-based retrieval

models.

Ming Zhu, Aman Ahuja, et. al. [170] investigated the development of a neural network

model intended for document rating in the context of healthcare Question Answering.

Deep attention techniques at the word, phrase, and document levels are used in the

suggested model to improve its capacity to identify complex correlations in the data. To

further aid in model training and evaluation, the researchers added a substantial data set

of healthcare query answers.

The neural network model, named Hierarchical Attention Retrieval (HAR), encom-

passes various components to optimize document retrieval for health-related queries.

Word embedding, which generates k-dimensional word vectors, and the encoder, which

uses a bi-directional Recurrent Neural Network(Bi-RNN) to encode temporal correlations

inside the query and document words, are some of these components. 3) A bi-directional

attention system that determines how relevant each query word is to each document

word; 4) A query attention mechanism that uses self-attention to encode queries of vary-

ing lengths into fixed-size embeddings; 5) Document hierarchical inner attention mech-

anism, generating a fixed-dimensional representation of documents using sentence-level

embeddings.
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The system optimization involves a negative sampling mechanism. The evaluation

of the model was performed on a healthcare dataset, termed HealthQA, with metrics

such as MRR reaching 87.87%, and recall reaching 96.84%. This research contributes a

robust neural network model tailored for healthcare Question Answering, showcasing its

effectiveness in capturing hierarchical dependencies and providing valuable insights within

the healthcare domain.

Zhuyin and Jamie [25] introduced a transformer model- BERT, to enhance text com-

prehension in the realm of Information Retrieval. BERT is specifically applied for ad-hoc

document retrieval, where the input comprises concatenated query and document tokens,

separated by a special token [’SEP’] to delineate the two segments. The token embed-

dings are obtained by embedding the concatenated tokens, and the position embedding

is incorporated to preserve word order.

The tokens traverse multiple layers of transformations, generating new contextualized

embeddings for each token at each layer through weighted sums of all other token embed-

dings. Attention matrices play a crucial role in determining the weights, with stronger

attention indicating a closer relationship between words. For each query-document pair,

the output embedding of the first token is used, and it is fed into an MLP to forecast the

relevance likelihood. To improve performance even more, search knowledge can be added

to this model. Two standard datasets, Clueweb 09-B, and the Robust-04 news corpus,

were used for the evaluation. The NDCG was reported as 0.52 and 0.29 for Robust-04

and Clueweb 09-B, respectively, in terms of accuracy. According to the findings, BERT

performs better on the Robust-04 data set than it does on the Clueweb 09-B data set.
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A Graph Embedding-based Product Search (REPS) ranking model was developed by

Yuan, Dong et.al. [77] specifically for e-commerce search applications. Click-graph fea-

tures are effortlessly integrated by the system into a single neural ranking framework.

The model starts with a simple neural network architecture as the basic framework and

then integrates a graph embedding technique to improve its retrieval performance.

To extract semantic features from the query and product description phrases, the pro-

cedure entails vectorizing these terms, feeding them into CNN layers, and applying max-

pooling layers for dimension reduction. Then, semantic feature vectors are transformed

into the query’s vector space using an MLP, which produces a relevance score. During

the training phase, either CNN or RNN is used to introduce graph embedding.

The evaluation of the model was conducted using the CIKM Cup-2016 Track-2 data set,

with MAP, MRR, and NDCG metrics yielding values of 0.46, 0.49, and 0.53, respectively.

This research showcases the effectiveness of the REPS model in enhancing product search

ranking within e-commerce scenarios.

The TRanslate-Edit Model for Question-to-SQL(TREQS) is a revolutionary approach

that Ping Wang, Tian Shi et.al.[150] developed specifically for Question Answering on

Electronic Medical Records. To produce SQL queries in response to provided questions,

the TREQS model makes use of a sequence-to-sequence architecture, a commonly used

deep learning paradigm. Interestingly, the model includes task-specific look-up tables and

an attentive copying mechanism to carry out the required adjustments.
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The researchers assembled a large dataset, MIMICSQL, using publicly accessible Elec-

tronic Medical Records(EMR) to aid with their research. There are two sets in this

dataset: template questions make up the first set, while natural language questions make

up the second. To demonstrate the effectiveness of the suggested methodology, a com-

prehensive series of tests spanning both template and natural language queries were con-

ducted on the MIMICSQL dataset.

The TREQS model adopts an RNN Sequence-to-Sequence (Seq2Seq) framework for

Question-to-SQL generation. The encoder processes a sequence of Word Embeddings for

input tokens, transforming them into a sequence of encoder-hidden states. During testing,

a beam search algorithm is employed for SQL generation. The model exhibits significant

performance improvements on both the development and testing data sets, surpassing

other models by an average of 30 percent in accuracy. The average accuracy of the model

was evaluated as 0.97.

Using graph embedding approaches, Yuan Zhang, Dong Wang, and Yan Zang [41]

present a novel way to improve neural information retrieval models. They concentrate on

using a neural network and Graph Embedding ranking model to solve document ranking

and information retrieval problems, especially in the Product Search space.

The model integrates graph embedding techniques, which involve representing terms

of queries and product descriptions as vectors. These vectors undergo semantic feature

extraction through CNN layers, with subsequent dimension reduction achieved by max-

pooling layers. Semantic feature vectors are then transformed into a shared vector space

with the query using a Multi-Layer Perceptron (MLP), which finally yields a relevance

score.
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The integration of graph embedding during the training phase, either using CNN or

RNN contributes to the model’s ability to effectively retrieve relevant information in the

context of product search. This approach is poised to enhance the performance and

efficiency of information retrieval systems, particularly in scenarios related to product

search and recommendation.

In their paper, Tom Young, Devamanyu et.al. [162] reviewed different deep learning

models that are used in different NLP tasks and go through their evolution. They dis-

cussed the neural networks based on dense vector representations and their success, such

as Word Embedding and deep learning methods. They also went over the main deep

learning models and techniques, like recurrent and convolutional neural networks, that

can be used in language processing.

In their recent research, Fan Fang, Bo-wen Zhang et.al. [32] introduced an innovative

approach by integrating semantic information with the conventional Sequential Depen-

dence Model (SDM). Their methodology involves leveraging Word Embedding-based

synonym mapping to enhance the process of information retrieval. The research under-

scores the significance of semantic understanding in the context of document search and

retrieval. By incorporating Word Embedding-based synonym mapping, the model gains

the ability to capture nuanced relationships between words and their synonyms, thereby

improving the accuracy and relevance of retrieved information.

This fusion of semantic information with the established SDM provides a more com-

prehensive and contextually aware framework for information retrieval. The integration

of Word Embeddings for synonym mapping is a pivotal element, allowing the model to

discern semantic similarities and enrich the retrieval process. Overall, this approach rep-
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resents a noteworthy advancement in the field of information retrieval, offering a nuanced

and effective means of enhancing search capabilities.

In their research endeavor, Bo Xu, Hongfei Lin, and Yuan Lin [157] presented an innova-

tive biomedical information retrieval system that harnesses the power of query expansion

through learning-to-rank methods. Their approach integrates various techniques, includ-

ing the co-occurrence term selection method, pseudo-relevance feedback method, and

query expansion method, to optimize the information retrieval process in the biomedical

domain.

The focal point of their work lies in leveraging learning-to-rank methods to enhance

the performance of the information retrieval system. The co-occurrence term selection

method plays a crucial role in selecting candidate expansion terms, while the pseudo-

relevance feedback method is employed to refine the set of expansion terms. This intricate

combination of methodologies aims to improve the system’s ability to retrieve relevant and

accurate biomedical information.

By incorporating these advanced techniques, the proposed system endeavors to provide

more nuanced and contextually relevant results in the challenging domain of biomedical

information retrieval. This research contributes to the ongoing efforts to optimize infor-

mation retrieval methodologies, particularly in specialized domains such as bio-medicine.

Dwaipayan, Debasis, et. al. [118] investigated how word normalization and collection

decisions affected Word Embedding learning and, in turn, ad hoc retrieval performance.

Two measures were presented in the study that are intended to measure how similar word
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vector embedded spaces are to one another. Notably, the results showed that fast-Text

performs well on an unprocessed collection and the word2vec method performs well on

stemmed collections on average. These findings were explained by the inherent qualities

of the corresponding embedding techniques.

Shomi Khan, Khadiza Tul et.al. [59] introduced a Bangla Question-Answering System,

exploring its application in both Bangla and English languages. The system utilized

anaphora-cataphora resolution to enhance semantic matching. Additionally, Archana

S.M, Naima Vahab, et. al. [6] devised a rule-based Malayalam Question Answering

System. This system identified question words and associated bhakti (devotion or focus)

with the answer, retrieving answers based on the question module and answer module.

In their research, Vaishali Singh et. al [129] put forth a personalized approach to

Question Answering that involves end-user modeling. This personalized approach tailors

the retrieval of information based on user-specific information and areas of interest. The

personalization of retrieved data is achieved through the application of various similarity

measures, including attribute values similarity and entity values similarity, which consider

the specific preferences and characteristics of individual users.

In their study, Sheetal.S, et. al [131] introduced an innovative method for assessing doc-

ument similarity employing a graph model. Their approach involves a modified technique

applied to WordNet and Wikipedia. The method utilizes a weighted conceptual graph,

representing text documents through the coexistence of terms. To construct the graph,

they employed co-reference resolution to determine associations among feature terms and

assign weights to the graph edges based on term importance.
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Swathilakshmi Venkatachalam, et. al. [148] introduced a system for Tamil news content

retrieval that utilizes ontology-based information extraction and summarization. Through

Information Extraction, the system retrieves specific information from natural language

and integrates it into an ontology. The ontology is organized into two distinct domains.

Subsequently, a multi-document text summarizer generates a concise overview of signifi-

cant events. Finally, the query extractor retrieves data from the database and presents it

to users based on their queries.

Navjot Kaur, et. al. [58] designed a semantic information retrieval system focused on

the music domain. They employed string ontology for semantic information retrieval, in-

corporating query reformulation techniques to facilitate multilingual information retrieval.

The system’s approach involves leveraging semantic structures to enhance the accuracy

and relevance of retrieved information in the music domain.

A Natural Language Processing Question-Answering System, NLP-QAS built to deal

with BERT models was presented for Question Answering in a work by Phuc et. al.

[28]. The phrase selection and answer detection phases make up the two stages of the

system. The SQuAD dataset was analyzed by the study utilizing the suggested NLP-QAS.

Lemmatization, punkt, and punkt with SDP were among the variants used for sentence

selection. Notably, during the sentence selection stage, Punkt with SDP proved to be the

most effective technique. Several Relation Network Parser (RNP) techniques, including

RC, SPOS, and SNER, were investigated during the answer discovery step.

Choi, Byeongmin, et. al. [23] propose to use a knowledge graph information extraction

method in conjunction with the most recent pre-trained language model, namely the lite

bidirectional encoder representations from transformers, ALBERT. We also present a new
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method, schema graph expansion, that we apply to modern language models. We assess

the influence of incorporating knowledge graph-based knowledge extraction methods into

state-of-the-art pre-trained language models. Furthermore, provides proof that on the

Commonsense QA data set, our suggested model performs better than the current KagNet

and MHGRN models.

The authors, Yue Feng, Zhen Han et. al. [33] from Baidu Research, introduce the

Document Entity Heterogeneous Graph (DEHG) Network as a novel approach to integrate

different sources of information and conduct reasoning on heterogeneous information for

open-domain Question Answering.

Experimental results on the HybirdQA data set demonstrate that DEHG outperforms

state-of-the-art methods, showcasing its effectiveness in handling multi-hop reasoning on

integrated heterogeneous information. The research contributes to the field by homoge-

nizing structured and unstructured knowledge in open-domain Question Answering and

analyzing complex relations of heterogeneous information. The proposed DEHG model

provides promising insights and advancements in the domain of open-domain Question

Answering.

The paper Bulian, Cbuck et. al. [17]presents a systematic analysis of the limitations of

token-level equivalence measures in evaluating Question Answering Systems. The authors

introduce the concept of Answer Equivalence(AE) and provide data-driven analysis to

reveal the limitations of existing measures. They propose a BERT Matching Measure

(BEM) measure as a better approximation for AE. The paper concludes by highlighting

the limitations of their work and suggesting future research directions.
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CoQUAD is a COVID-19 Question Answering data set system that is intended to help

researchers, clinicians, and the general public acquire genuine scientific information in

the form of quality assurance (QA). Raza, Shaina et.al. [108] discusses CoQUAD. The

system is made up of a Retriever that answers questions by retrieving documents from the

document store, and a Reader that uses MPNet to extract the precise response to each

query from the documents that the Retriever returns. Utilizing a gold-standard data set

for evaluation, the system outperformed state-of-the-art models. Along with the methods

for preparing the data sets, the publication also includes information on the inclusion and

exclusion criteria for the literature used in the system.

Kim, Yohan et. al. [61]investigate address the labor-intensive process of manually

looking through large amounts of textual data to find information about infrastructure

damage. The research recommends a Question Answering technique that automatically

pulls damaged information from this kind of data, making the process of efficient in-

frastructure planning more streamlined. For information retrieval, the suggested method

makes use of a natural language model, namely the bidirectional encoder representations

from transformers BERT. The model was trained and evaluated on a subset of more than

100 reports obtained from the National Hurricane Center, resulting in 533 question-answer

pairings. For the hurricane and earthquake data sets, additional testing using different

question-answer pairs with information related to earthquakes was produced. F1 scores

of the system were evaluated as 90.5% and 83.6%, respectively.

The literature review by Roy, Pradeep [119]on Computational Question Answering(CQA)

synthesizes findings from 133 articles, focusing on three modules: questions, answers, and

users. Key research themes involve question-and-answer quality, as well as expert identi-

fication. Notable platforms studied include Yahoo! Answers, Stack Exchange, and Stack
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Overflow, yet cross-platform investigations are limited. ML dominates over DL, but DL

adoption in CQA research is increasing. The study highlights challenges like question

un-answerability, answer quality prediction, and finding expert users. The user module

addresses finding experts and reputation collectors. Limited use of ensemble and multi-

modal techniques is noted. Encouraging cross-platform inquiries and comparing CQAs in

different languages is suggested for future research.

In the paper Pal, Anki [97]introduces MedMCQA, a novel large-scale dataset for Mul-

tiple Choice Question Answering (MCQA) specifically tailored to real-world medical en-

trance exams. The data set comprises over 194,000 high-quality MCQs from AIIMS and

NEET PG entrance exams, covering 2,400 healthcare topics and 21 medical subjects.

The questions exhibit an average token length of 12.77 and significant topical diversity.

Each sample includes a question, correct answer(s), and other options, demanding a com-

prehensive language understanding and testing reasoning abilities across diverse medical

subjects and topics. The study offers a detailed solution explanation alongside the data

set specifics.

Recent advancements [76] Liu, Andy, et. al. have demonstrated the effectiveness of

prompt-based learning in few-shot NER with pre-trained language models; enhanced la-

bel efficiency is achieved by employing prompts as task direction. Nevertheless, earlier

prompt-based techniques for few-shot NER have drawbacks including increased computing

complexity, a restricted capacity for zero-shots, a reliance on human prompt engineering,

and a deficiency in prompt robustness. They suggest a brand-new prompt-based learning

strategy for Question Answering using NER - QaNER, to overcome these drawbacks. NER

problems are converted into the QA formulation using a revised strategy. NER prompts

are generated specifically for QA models. Prompt tuning using QA models is carried out
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by utilizing a few annotated NER examples and zero-shot NER is achieved by prompting

the QA model. QaNER exhibits faster inference, tolerance to hyper-parameters, insensi-

tivity to prompt quality, and considerably superior performance in low-resource settings

and zero-shot capabilities when compared to previous approaches.

2.2.2 Review on Malayalam Information Retrieval and Question

Answering

This section provides a brief insight into the research works that have already taken

place in the field of Malayalam Question Answering. There is limited research happening

on Question Answering in Malayalam, especially at the semantic level. Additionally, there

is no notable research work on semantic Malayalam Question Answering.

Arjun Babu and Sindhu L [8] have developed an Information Retrieval System for

Malayalam Using Query Expansion Techniques. They used cosine similarity and vector

space modeling for answer retrieval. They also used synonym mapping to improve the

accuracy of the system.

Bindu, M S and Dr. Sumam Mary Idicula [13] present a novel approach to question-

answering systems tailored for Malayalam. Advanced deep learning methods like Gated

Recurrent Unit (GRU), Memory Network models, and LSTM are all used in their work.

The investigation utilizes the diverse tasks provided by the Facebook bAbI data set,
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including questions with multiple supporting facts, inductive and deductive reasoning,

and coreference resolution, among others, to train and evaluate the proposed system.

The findings reveal that the Memory Network model stands out, achieving an impressive

average accuracy of 80% in accurately retrieving answers in Malayalam.

Archana, Naima et. al. [6] addresses the development of a Question Answering System

for Malayalam, an agglutinative language. Malayalam sentences exhibit morphophonemic

modifications, specifically using vibhakthi, to denote relationships to verbs or other nouns.

By comparing the vibhakthi and POS tags of question words with terms in the provided

corpus, the QAS seeks to deliver word-level replies. It may also be extended to examine

related Karaka roles for more effective question analysis.

Reji Rahmath K and P.C. RaghuRaj [106] presented a sophisticated system intended

to provide accurate responses to user-posed natural language queries. Operating on a

specified collection of raw material in natural language, this system is an advanced exam-

ple of information retrieval (IR). The study suggests a Question Answering (QA) system

based on deep learning that is specially designed for the Malayalam language. The sys-

tem is capable of analyzing the Malayalam language with precision since it makes use of

state-of-the-art methods including GRU, Memory Network models, and LSTM.

To evaluate and validate the performance of the proposed QA system, the researchers

utilized the Facebook bAbI dataset, which encompasses 20 tasks featuring questions with

multiple supporting facts, inductive and deductive reasoning, coreference resolution, and

more. The system was trained and tested on this comprehensive data set. Notably, the

experimental results revealed that the Memory Network model outperformed the other

implemented models, achieving the highest average accuracy of 80%. This underscores
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the efficacy of the proposed deep learning-based QAS in retrieving precise answers in

Malayalam, demonstrating its potential for addressing natural language queries with a

high degree of accuracy.

2.2.3 Review on Large Language Models

This section discusses various Question Answering and Information Retrieval works

that happened by using Large Language Models. Some of the recent works are described

below.

In a work, Dan Su, Xan Xu, et. al. [137] propose a multi-task learning framework

that influences large pre-trained language models to enhance the generalization ability

of Question Answering Systems. The approach fine-tunes a pre-trained language model

on multiple Reading Comprehension data sets and uses a multi-task learning objective

to jointly optimize the model for different QA tasks. Experimental results show that the

proposed approach outperforms the BERT-Large baseline on broader QA tasks, achieving

an average F1 score of 68.98 and an Exact Match score of 56.59.

A study on Large-Scale Relation Learning for Question Answering over Knowledge

Bases using Pre-trained Language Models is presented by Yuanmeng, Rumei, et. al.

[159]. They advocate the utilization of BERT-like pre-trained language models to en-

hance the scoring function for ranking candidate answers. The paper introduces three

relation-learning tasks aimed at facilitating the alignment of natural language expressions

with relations in the Knowledge Base(KB). Comparative analyses with various baselines

reveal the superior performance of the proposed approach. However, the integration of
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pre-trained language models introduces potential risks, including the introduction of extra

data biases and sensitivity to adversarial examples. Hence, users must exercise caution

and ensure the preparation of these resources aligns with task relevance, unbiased repre-

sentation, and ethical considerations.

In a paper Singal, Karan et. al. [130] discuss the development of a large language

model called Med-PaLM 2, which is designed to answer medical questions with expert-

level accuracy. They Med-PaLM 2 to previous models and demonstrate its superior

performance on a range of medical Question Answering tasks. Also discuss potential

applications of this technology in the medical field, such as improving patient outcomes

and reducing healthcare costs, while acknowledging the challenges that still need to be

addressed, such as ensuring the model’s ethical and legal compliance. Overall, the paper

highlights the exciting progress that has been made in using artificial intelligence to

improve healthcare and suggests that further research in this area could have significant

benefits for patients and healthcare providers alike.

To enhance Question Answering performance, Yasunaga, Hongyu, et. al. [161] present

a novel model called QA-GNN that blends knowledge graphs and pre-trained language

models. The proposed model addresses the challenges of identifying relevant knowledge

and performing joint reasoning through innovative techniques. The authors evaluate the

model on various benchmarks and demonstrate its superior performance compared to

existing models. The paper also acknowledges the support of various organizations and

funding agencies.

In a work, Lazaridou, Angeliki et. al. [69] unique few-shot capabilities inherent in

Large Scale Language Models (LSLM) to address certain challenges related to ground-
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ing in factual and up-to-date information. Inspired by semi-parametric Language Models

(LM), which base their decisions on externally retrieved evidence, this work employs few-

shot prompting to teach LMs to incorporate information obtained from the web through

Google Searchâa comprehensive and continuously updated knowledge repository. Our

method does not require fine-tuning or the introduction of additional parameters, mak-

ing it applicable to any LM and providing a robust baseline. Remarkably, we discover

that LMs conditioned on web-derived information outperform closed-book models of sim-

ilar, or even larger, sizes in open-domain Question Answering. Additionally, observe that

enhancing inference-time computing by utilizing multiple retrieved evidence to generate

multiple answers, followed by a reranking stage using scores from the same LMs, yields

improved performance and mitigates the lower efficacy of smaller few-shot LMs. In con-

clusion, our findings suggest that rather than solely pursuing larger models, it may be

advantageous to redirect focus toward discovering more effective ways to utilize models,

such as enhancing prompting or increasing inference-time computing.

In their paper, Shao, Zhenwei, et. al. [124], Presenting Prophet, a framework designed

to provide knowledge-based visual Question Answering on the GPT-3 with answer heuris-

tics. The primary goal is to fully harness the potential of GPT-3 when the provided input

information is insufficient. The study reveals that confidence scores play a crucial role

in the Prophet’s performance, and even without image captions, they maintain stability.

Interestingly, the importance of the prompt head is found to be relatively less significant,

suggesting GPT-3’s ability to comprehend the task directly from in-context examples.

Additionally, the introduction of extra information, such as object tags, results in a slight

performance drop. The authors also present a Prophet variant called Prophet-MC, tai-

lored for multiple-choice tasks, which achieves notably higher accuracy, highlighting the

broader applicability of Prophet to related tasks.
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In a work by Xing hang Hu [44]a novel approach to answer selection in Community

Question Answering (CQA) using pre-trained and large language models. The proposed

Question-Answer cross attention Network (QAN) with pre-trained models achieves state-

of-the-art performance on two data sets. The authors also introduce external knowledge

to further improve the accuracy of answer selection. The paper provides details on the

methodology, experiments, and results, highlighting the effectiveness of the proposed ap-

proach. Experiments on the SemEval2015 and SemEval2017 data sets demonstrate that

the suggested strategy provides state-of-the-art performance and outperforms current ap-

proaches. The introduction of external knowledge further improves the accuracy of answer

selection, demonstrating the effectiveness of the proposed approach.

In a paper, Hu, Shen [43] presents LoRA, a low-rank adaption method that preserves

good model quality while cutting the number of trainable parameters for downstream

tasks in big language models. The authors provide empirical evidence that rank deficiency

is a common phenomenon in language model adaptation and that LoRA can effectively

address this issue. They demonstrate the effectiveness of LoRA on several benchmark

data sets and compare it to other adaptation techniques. The proposed method facilitates

swift task-switching when implemented as a service by sharing a significant portion of the

model parameters. This approach proves to be an efficient adaptation strategy that avoids

introducing inference latency or diminishing the input sequence length.

WebGLM, an innovative web-enhanced Question Answering system that uses the Gen-

eral Language Model(GLM), was introduced by Xiao, Liu, et. al. [72]. The main goal

is to improve a large language model (LLM) that has already been trained with effec-

tive web search and retrieval capabilities for real-world use. With an emphasis on the

LLM-augmented retriever, bootstrapped generator, and human preference-aware scorer,
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WebGLM is aimed to overcome the shortcomings of WebGPT (OpenAI) and guarantee

increased precision, effectiveness, and economy. We also suggest methodical standards

for assessing web-enhanced quality assurance solutions. Extensive multi-dimensional hu-

man assessments and quantitative ablation experiments demonstrate how much better

WebGLM’s designs work than those of other systems. Notably, in human evaluation,

WebGLM utilizing the 10-billion-parameter GLM (10B) performs better than similarly

sized WebGPT (13B) and even achieves results comparable to WebGPT (175B).

2.3 Research Gap

Upon exploring the existing literature, it is evident that the majority of research works

have happened in other global languages like English. While there are a limited num-

ber of research works dedicated to native languages such as Thamil and Kannada, it is

noteworthy that the Malayalam language has yet to witness the emergence of prominent

semantic Question Answering Systems.

One notable gap in existing Malayalam Question Answering is that all are based on Ma-

chine Learning and Deep Learning techniques. No Large Language Model-based Question

Answering models exist, particularly those related to the health domain. As the explo-

ration of natural language processing expands, the identification of such gaps not only

highlights areas for future research but also emphasizes the pressing need for the develop-

ment of comprehensive language models and Question Answering systems that cater to

the linguistic diversity and domain-specific needs of languages like Malayalam.
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2.4 Back Ground Theory

This section extensively examines the theories and models essential for constructing

a Question Answering System, through the integration of foundational machine learn-

ing principles, advanced deep learning architectures, and specialized Question Answering

models.

2.4.1 Question Answering System

A Question Answering System (QAS) represents a sophisticated application of Artifi-

cial Intelligence and Natural Language Processing, meticulously designed to address user

queries effectively. These systems come in various manifestations, including chatbots, vir-

tual assistants, and standalone applications[34]. The training process involves exposing

them to extensive documents or websites, allowing them to discern intricate language pat-

terns and accumulate knowledge. This accumulation of knowledge leads to the creation

of a comprehensive language model.

Utilizing these language models, Question Answering Systems excel in generating re-

sponses that are relevant and highly accurate, catering to the diverse inquiries posed by

users. The ability to understand context, decipher intent, and provide coherent answers

makes these systems invaluable in enhancing user experiences across a spectrum of ap-

plications [27]. Whether integrated as chat-bots for customer support, virtual assistants

for streamlined interactions, or standalone applications for specialized domains, Ques-

tion Answering Systems epitomize the synergy of cutting-edge technology and linguistic

prowess.
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Different Models of Question Answering

• Fact-based Question Answering:- These systems answer factual types of questions

[107] such as "What is the capital of India?" or "Who invented Television?"

• Contextual Question Answering:- These systems provide answers based on a given

context such as a paragraph or document [154].

• Interactive Question Answering:- These systems engage in conversations with users

to understand and answer queries conversationally [87][63]

Different Approaches to Question Answering

Building a Question Answering (QA) system encompasses a variety of approaches, each

addressing specific challenges and requirements [134]. Here are several key methodologies

commonly employed in the development of Question-Answering systems:

• Rule-Based System:- In a rule-based system, the questions are matched against

predefined patterns or rules, and answers are generated based on these rules [47]. If

a question contains a specific keyword or pattern, then the system can generate a

predefined answer.

• Information Retrieval:- Information Retrieval-based systems involve searching for

relevant information in a large corpus of documents such as databases or websites [1].

Different techniques used are keyword matching, semantic matching, and indexing,

and then the answers can be generated from the retrieved results.

• Machine Learning:- Machine learning-based systems use algorithms and models to

learn patterns from data and generate answers. Supervised learning and unsu-
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pervised learning are two distinct categories of machine learning. Labeled data is

utilized in supervised machine learning methods to train the model [3]. It can be

used for models such as answer classification. Unsupervised learning such as topic

modeling or clustering can be used for organizing and clustering relevant answers.

• Deep learning:- Deep learning techniques such as neural networks can be used for

Question Answering [90]. RNN [158]or transformer-based models can be used to

identify contextual information and generate answers for queries [91] from a large

volume of data. Here use a pre-trained model like BERT [5] or GPT3 [14]for Ques-

tion Answering tasks.

• Hybrid approaches:- Hybrid approaches combine multiple techniques such as rule-

based, Information Retrieval, Machine Learning, and Deep Learning to leverage

the advantage of each approach [145]. For example, a system may use a rule-based

approach for simple questions and switch to IR or ML models for complex questions.

• Knowledge Graph:- In Knowledge, a graph represents structured knowledge as enti-

ties and relationships. It can be used for Question Answering tasks. Questions are

formulated to traverse the graph and then retrieve relevant information, which can

be used to generate answers [51].

• Memory Augment Networks:- Memory-augmented neural networks such as memory

networks or neural Turing machines can be used to store and retrieve information

for context-dependent answer retrieval [22].

These are a few of many techniques that can be used in building a Question Answering

System. The techniques may vary the requirements of the task, available data, and desired

performance.
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Different Steps Involved in Question Answering

Natural Language Processing (NLP) encompasses the computational capability to com-

prehend, process, interpret, and generate human language, as articulated by Ranjan [107].

This intricate field of study is instrumental in bridging the communication gap between

humans and computers, enabling machines to interact with and understand human lan-

guage in a meaningful way.

In the context of a Question Answering System (QAS), the process involves several cru-

cial steps that collectively contribute to the system’s ability to comprehend user queries

and provide relevant responses. These steps include initial data pre-processing, where raw

text is transformed into a format suitable for analysis; feature extraction, which involves

identifying and selecting pertinent linguistic features; and the application of advanced

machine learning or deep learning models to train the system in understanding and re-

sponding to diverse queries. The holistic integration of these steps forms the backbone

of an effective QA system, emphasizing the pivotal role of NLP in facilitating a seamless

and intelligent interaction between users and computational systems.

• Input Text: The system takes the query in the form of text. Here the queries are

natural questions from users in their native language.

• Text Processing: The input text is processed and then converted to a different

format, ie vector representation to process and identify relevant information such as

keywords, entities, and contextual information.

• Information Retrieval: The system searches through databases or corpus to find

relevant answers related to the query. This can involve techniques such as keyword

matching, semantic mapping machine learning, and deep learning algorithms.
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• Answer Generation: Once the relevant information is retrieved, the system gener-

ates an appropriate answer. This can involve techniques such as summarization,

paraphrasing, or extraction of information from the retrieved document.

• Answer Prediction: The generated answer for the query is presented in a human-

understandable format such as text, speech, or visual display.

2.4.2 Architecture of a Question Answering System

A Question Answering System aims to automatically find accurate and precise answers

to users’ queries in natural languages. Unless a traditional IR, the Question Answering

System will not return a whole document for a query. A Question Answering system will

try to find only one or more specific and small answers to the user’s queries.

Different types of Question Answering Systems exist now such as factoid Question

Answering Systems, list types, descriptive types, etc. A factoid Question Answering

System will return an answer about a single fact. The list Question Answering System

will return more than one answer. A descriptive-type Question Answering System will

return a complex answer, it may be from multiple document sources.

A Question Answering System takes user queries as input, evaluates and analyzes them,

compares them to the documents that are on file, and then extracts and retrieves accurate

responses to natural language inquiries. Information extraction and retrieval techniques

are applied by a Question Answering System.
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To find more accurate and proper answers to natural language queries. Natural lan-

guage query processing and Question Answering must need the semantic processing and

contextual information of natural language queries and documents [36].

The architecture of a Question Answering System typically involves several key com-

ponents that work together to process queries and generate accurate responses. While

different QA systems may adopt varying approaches, here is a generalized architecture as

shown in Figure 2.1.

Figure 2.1: General Architecture of Question Answering System

The different components of a Question Answering System include
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• Question Analyzer:

This module interprets and breaks down the user’s question. It involves syntactic

and semantic analysis to understand the intent and entities involved.

• Query Generation:

It will generate the actual query for the Question Answering process.

• Document Retrieval:

The system identifies relevant documents or passages from a knowledge base or cor-

pus that might contain the answer. Document Preprocessing: The retrieved docu-

ments undergo preprocessing steps like tokenization, stemming, and other natural

language processing techniques.

• Content Extraction:

The system extracts relevant information and context from the retrieved documents

to understand the context in which the question is posed.

• Answer Generation:

The system extracts specific spans of text from the context that are considered

potential answers. If there are multiple potential answers, a ranking mechanism

may be employed to select the most suitable one.

• Answer Retrieval:

Checking the validity and coherence of the generated answer using additional crite-

ria. Formatting the answer in a way that is understandable and user-friendly.

The implementation of a Question Answering System may vary depending on the tech-

niques and technologies used and the domain or context of the questions. Also, the system

can continuously enhance and improve its performance through feedback from users and

iterations.
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2.4.3 Neural Network Models for NLP

Neural networks have become a foundational technology in NLP, enabling breakthroughs

in various NLP tasks [52]. Here are some popular Neural Network models used in NLP.

• Recurrent Neural Networks (RNNs): Since RNNs are built to handle sequential

data, text and other NLP tasks involving sequences are a good fit for them[141].

Applications include machine translation, sentiment analysis, and language model-

ing.

Limitations: The vanishing gradient problem makes it difficult to capture long-term

interdependence.

• Long Short-Term Memory (LSTM): An RNN type called LSTMs was created to

deal with the vanishing gradient issue, allowing for better preservation of long-term

dependencies[160]. Applications: Similar to RNNs but with improved performance

in capturing long-range dependencies.

• Gated Recurrent Units (GRU): Similar to LSTMs, GRUs are designed to address the

vanishing gradient problem. They have a simpler architecture with fewer parameters[172].

Applications: Similar to LSTMs, but computationally more efficient.

• Word Embeddings (Word2Vec, GloVe): These models learn distributed representa-

tions of words in continuous vector spaces, capturing semantic relationships between

words [37]. Applications: Preprocessing and modeling of documents for many NLP

tasks, improving the representation of words in neural networks.

• Convolutional Neural Networks (CNNs): While often associated with computer

vision, CNNs can be used for NLP tasks by treating text as an image. Filters are

applied to capture local patterns [153]. Applications: Text classification, sentiment

analysis, document categorization.

54



• Transformers: Overview: Introduced in the "Attention is All You Need" paper,

Transformers have become a cornerstone in NLP. They use self-attention mech-

anisms to capture relationships between words in a sequence[116]. Applications:

Cutting-edge outcomes for a variety of tasks, including machine translation (e.g., in

models like BERT, and GPT).

• Bidirectional Encoder Representations from Transformers(BERT): BERT is a model

based on transformers that obtain bidirectional context information through training

on extensive unlabeled data, as highlighted in the work by Sabharwal et. al. [120].

Its applications span various NLP tasks, demonstrating state-of-the-art performance

in Question Answering, text classification, and named entity recognition.

• Generative Pretrained Transformer(GPT): GPT is a Generative Pretrained Trans-

former, it is another transformer-based model that is pre-trained on a large corpus of

text data and can be fine-tuned for specific tasks[39]. Applications: Text generation,

language understanding, completion.

• XLNet: XLNet extends the transformer model by incorporating bidirectional con-

text information similar to BERT while maintaining an auto-regressive training

objective[38]. Applications: Similar to BERT, achieving state-of-the-art results in

various NLP tasks.

• Enhanced Representation through Knowledge Integration(ERNIE): ERNIE inte-

grates world knowledge into pre-trained language representations, aiming to enhance

the understanding of words in context[167]. Applications: Improved performance

in tasks that benefit from explicit knowledge integration.

These models have significantly advanced the field of NLP, and their architectures often

serve as the basis for further innovations and task-specific adaptations. Depending on the
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specific NLP task, different models may be more suitable, and the choice often depends

on factors such as the size of the data set, the complexity of the task, and available

computational resources.

2.4.4 Large Language Models

Neural network models that have a large number of parameters, known as Large Lan-

guage Models (LLM), allow them to develop and capture language patterns that are

similar to those of humans. NLP applications such as Question Answering, Text Summa-

rization, and Sentiment Analysis have seen a rise in the use of these models etc.[86].

Some of the latest large language models are listed below

• BERT: A Google-developed bidirectional model utilizing transformers for both en-

coding and decoding natural language.

• GPT-3: An OpenAI-created generative model employing deep neural networks to

generate natural language texts.

• BLOOM: A multilingual model by Big Science employing auto-regressive methods

to expand text prompts[26].

• XLM-RoBERTa: A cross-lingual model designed by Facebook, utilizing self-attention

to glean insights from extensive monolingual data[19].

• XLNet: A permutation-based model co-developed by Google and CMU, leveraging

transformers to capture extensive dependencies in natural language[137].

• LLaMA : Large Language Model Meta AI is an impressive and noteworthy language

model for text generation[35]. It is an artificial intelligence system that harnesses
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its architectural design and vast parameter capacity to comprehend and produce

human language with remarkable accuracy.

• LaMDA: A language model for dialogue applications. It is a conversational language

model developed by Google to handle natural-sounding texts[143].

2.5 Conclusion

This chapter discusses a review of various research works that have already been con-

ducted in the field of Question Answering and Information Retrieval, followed by the

necessary background theory needed for this research work.
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Chapter 3

Corpus Creation, Pre-processing and

Modelling

3.1 Introduction

This chapter discusses the creation, annotation, pre-processing, and feature vector cre-

ation of a Malayalam health Question Answering Data set - MQuAD. The following sec-

tion describes document data acquisition and database creation, followed by cleaning and

annotation of the Question Answering data set MQuAD. Finally, various pre-processing

techniques and feature vector creation methods for Malayalam health data sets are dis-

cussed.
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3.2 Data Collection and Corpus Creation

For this research work, the health corpus was gathered from several reputable sources

such as TDIL [50], Kerala gov.in, etc. The corpus comprises diverse health-related raw

documents encompassing information on various diseases, symptoms, remedies, and more.

The data set contains different folders as shown in Figure 3.1.

Figure 3.1: Sample Collected Data Set

The data set contains information about various diseases, symptoms, remedies, and

also information related to health and wellness as shown in Figure 3.2
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Figure 3.2: Sample Health Data

The initial step involved meticulous manual modification and cleaning of the health

data set MQaAD. Subsequently, the corpus underwent a manual cleaning process, and

further annotations were carried out using the haystack annotation tool [89].

Additionally, enriched the Malayalam health data set by incorporating more content.

This comprehensive approach ensured the data set’s quality, relevance, and inclusiveness,

enhancing its suitability for the research objectives.
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3.3 Data Annotation for Question Answering

After cleaning the collected health data set, the next crucial step involved employing

the annotation tool, particularly the haystack [105]. This tool facilitated the generation of

labels for Question Answering tasks, providing a systematic approach to annotating the

data set. Utilizing haystack, adopted diverse methods to create labels [65]. One approach

involved dynamically identifying questions while reading through the documents, ensuring

a contextually relevant assignment of labels. Alternatively, a predefined set of questions

was employed, and the corresponding answers were subsequently identified within the

documents. This dual methodology allowed for a comprehensive annotation process that

captured a wide array of potential queries.

Once the Question Answering data set was annotated, proceeded to export it in the

SQUAD format [29]. SQUAD, developed by Stanford University, is a widely recognized

Question Answering Data set [30]. The annotation process is shown in Figure 3.3 and

Figure 3.4.
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Figure 3.3: Data Annotation Using Haystack

Figure 3.4: Data Annotation Process
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The data set can be exported in various formats, including JSON, Excel, and CSV files.

The data set, MQuAD obtained after annotation is shown below.

The annotation process is shown in Figure 3.5 and Figure 3.6.

Figure 3.5: Annotated Data in JSON Format
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Figure 3.6: Annotated Data in Excel Format

For the specific requirements of our research work, opted for the JSON format, which

encapsulated distinct fields for questions, IDs, and corresponding answers for each docu-

ment. This structured format not only facilitated easy handling of the data set but also

aligned with the standards set by Stanford University’s SQUAD, ensuring compatibility

with established practices in the field of Question Answering research. The MQuAD cor-

pus contains more than 50000 question-and-answer pairs. The complete description of

the MQuAD corpus is shown in Table 3.1.

The MQuAD Corpus comprises a dataset of 50,000 questions and their corresponding

answers related to health. The questions exhibit a range of word lengths, with a minimum

of 3 and a maximum of 14 words. On average, the questions are approximately 5 words

long. Similarly, the answers in the corpus vary in length, with a minimum of 18 words and

a maximum of 260 words. The average word length of the answers is approximately 120
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Table 3.1: Description of MQuAD Corpus

Total number of questions 50000
Total number of answers 50000

Minimum word length of questions 3
Maximum word length of questions 14
Average word length of questions 5
Minimum word length of answers 18
Maximum word length of answers 260
Average word length of answers 120

words. This diversity in word lengths reflects the richness and complexity of the MQuAD

Corpus, providing a comprehensive and varied set of linguistic inputs and outputs for the

process of Question Answering.

3.4 Data Pre-processing of Queries and Documents

Pre-processing stands as the initial and crucial phase in every NLP application, and

its significance is particularly pronounced in the context of Question Answering [100].

This pivotal step significantly influences the effectiveness of subsequent processes. In

the scope of this study, various pre-processing methods are employed for both queries

and documents to enhance the overall performance of the Question Answering System.

These pre-processing techniques encompass a range of approaches, such as tokenization,

stemming, lemmatization, and syntactic analysis, each contributing to refining the input

data for more effective information extraction and retrieval [94]. The careful application

of these pre-processing methods plays a solid foundation for the subsequent stages of the

Question Answering framework.
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3.4.1 Tokenization

Tokenization is a fundamental pre-processing method, that involves breaking down a

continuous stream of text into individual words or tokens. In the specific context of this

study, word tokenization is employed as the chosen method for segmenting both queries

and documents [85]. This process plays a pivotal role in facilitating subsequent analysis

and comprehension of the textual content.

For the implementation of word tokenization, the Natural Language Tool Kit (NLTK)

is utilized. NLTK provides a comprehensive set of libraries and resources for processing

human language, making it an ideal choice for breaking down complex textual data into

meaningful units [42]. The adoption of NLTK ensures the accuracy and efficiency of

the tokenization process, setting the stage for further linguistic analysis and semantic

understanding in the Question Answering System [31].

3.4.2 Stop Word Removal

In the area of NLP applications, stop words, which carry minimal semantic meaning,

are typically excluded from the text to enhance processing efficiency and focus on more

significant terms [66]. In the context of Question Answering, stop words are generally

disregarded as they don’t contribute substantially to the identification of keywords or the

overall understanding of the content [40].

To remove stop words the Natural Language Tool Kit (NLTK) is used. NLTK offers a

predefined list of stop words, and in the case of this research, a specific set of Malayalam
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stop words can be configured [57]. By utilizing NLTK’s capabilities, these stop words

are easily filtered out during the Question Answering task, ensuring that the system

concentrates on relevant and informative content for improved accuracy and performance.

3.4.3 Stemming and Lemmatization

Stemming and lemmatization both are used to identify the root word of a particular

word in documents.

• Stemming:- Stemming is a pivotal technique employed to derive the ’stem’ or ’root’

of a given word by eliminating affixes, prefixes, and suffixes. The purpose of stem-

ming is to distill words down to their fundamental, base form, thereby reducing vari-

ations and allowing for a more generalized representation. In this particular study,

an Indic stemmer[99], integrated with the Natural Language Tool Kit (NLTK), was

utilized to perform the stemming process. This technique aids in standardizing word

forms, enabling more effective matching and retrieval in the context of Question An-

swering tasks.

• Lemmatization:- Lemmatization is a linguistic method employed to derive the lemma

or canonical form of a word in a document. Unlike stemming, lemmatization consid-

ers the context of the words, utilizing detailed lexical and grammatical information

to identify the base or root form[60]. The objective of lemmatization is to ensure a

more accurate representation of words, mapping them to their dictionary or lemma

forms. The choice between stemming and lemmatization depends on the specific re-

quirements of the task at hand. While stemming provides a quicker and less precise

approach, lemmatization offers a more refined and context-aware solution, suitable

for tasks that demand a higher level of linguistic accuracy.
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3.4.4 Bag of Words

The text needs to be transformed into a numerical representation to be processed and

its meaning understood. One technique for turning text into numerical form is a bag of

words. Every word that appears in a sentence is represented by a bag of words. Word

occurrence is determined using the documents’ vocabulary. It indicates whether or not a

specific word appears in the document, but it gives no details about the word’s placement

or sequence [45].

3.5 Vector Space Representation and Document Mod-

elling

In the context of Question Answering, the representation of documents and queries

involves the utilization of index terms derived from the pre-processing steps. These index

terms serve as a refined and processed version of the original text [49], incorporating

techniques such as tokenization, stop word removal, stemming, and others. The purpose

of employing these index terms is to capture and express the relevance of different terms

within both the query and document data sets [128].

To further refine this representation, numerical weights are assigned to each index

term, reflecting the varying degrees of importance or relevance. The assignment of weights

enables a nuanced understanding of the significance of different terms in the context of the
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information retrieval process. This weighted representation facilitates the development of

models and algorithms that can more effectively discern and match relevant information,

ultimately enhancing the accuracy and efficiency of Question Answering Systems. The

weighted index terms serve as a foundational element in the construction of models that

aim to provide precise and contextually relevant answers to user queries.

• The Vector Space Model (VSM):- VSM constitutes a fundamental mathematical

framework extensively applied in the field of Question Answering and Natural Lan-

guage Processing. This model serves the purpose of representing text documents

as vectors within a high-dimensional space. Its mathematical formulation provides

a robust means to capture the semantic relationships inherent in words and doc-

uments, facilitating a range of computational tasks including document retrieval,

clustering, and Information Retrieval.

The Vector Space Model represents document D as an m-dimensional vector,

where each dimension is a distinct phrase that appears in all of the documents in

the collection. The total number of dimensions, denoted by m, reflects the com-

prehensive set of terms utilized across the document collection. This vector repre-

sentation enables a quantitative expression of the semantic structure of documents,

paving the way for the application of various algorithms and techniques to extract

meaningful insights and support sophisticated natural language processing tasks.

The Vector Space Model thus serves as a foundational framework [81], allowing

for the transformation of textual information into a structured and computationally

accessible format. Its versatility makes it a valuable tool in the development of

systems and applications geared towards effective information retrieval and analysis

in the realm of Question Answering and beyond.
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In this framework, each document is depicted as a vector within a multi-dimensional

space, where the dimensions of this space are intricately tied to the terms or words

present across the entirety of the document collection. This representation trans-

forms textual information into a numerical format, laying the foundation for com-

putational analysis and Information Retrieval.

The Vector Space Model (VSM) facilitates a systematic encoding of documents,

allowing for a different exploration of their semantic relationships. The dimensions

of the multi-dimensional space are essentially a reflection of the diverse set of terms

encompassing the entire document corpus. Consequently, each term contributes to

the positioning of documents within this high-dimensional space, offering a quanti-

tative representation of the semantic content.

This vector-based representation brings forth a rich foundation for various com-

putational applications. Models operating within this vector space can measure

similarities, distances, and patterns, enabling tasks such as document retrieval, clus-

tering, and Information Retrieval. The Vector Space Model’s adaptability renders

it a crucial asset in the field of natural language processing, particularly in systems

and applications where understanding and identifying semantic relationships are

paramount.

The weights wi of terms ti are generated using different techniques such as Term

Frequency (TF) modeling, Inverse Document Frequency (IDF) modeling, and Term

Frequency-Inverse Document Frequency (TF-IDF) modeling [5]. They are explained

in detail below.
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3.5.1 Term Frequency (TF) Modelling

In vector space modeling, the frequency of term i in the document dj The tf factor

is given by, Scale fij relative to the frequency of other terms in the document. Term

frequency (TF) is given in equation 3.1,

tfij = fij/mi (3.1)

when fijandgt; 0. Let mi be max(fij)i.e,mi is the maximum frequency of any term

in document dj.

3.5.2 Inverse Document Frequency (IDF) Modelling

A term that is used sparingly in documents is probably going to be more discrim-

inatory than a term that is used frequently or in every document. Inverse document

frequency modeling can be applied in this case. Suppose there are N documents

and that the number of documents in which term j occurs is nj. Assume that there

are N documents total, and that term j appears in nj of those documents. Using

N/nj as the inverse document frequency could be one approach. This method over-

emphasizes small differences, by using a logarithm. Inverse Document Frequency

(IDF) is given in the equation 3.2

idfj = log2(N/nj) + 1 (3.2)

where nj and gt; 0.

Where N is the total number of documents and ni is the number of documents in

which the term j occurs.
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3.5.3 Term Frequency-Inverse Document Frequency (TF-IDF)

Modelling

TF-IDF modeling is the typical weighting strategy for free text materials. Accord-

ing to this method, each term is given a weight based on how frequently it occurs

throughout the collection of documents as a whole as well as in a specific document.

The term frequency of the number of times the term ti appears in document D is

the first component of the TF-IDF technique. The second component is computed

as the following equations and is referred to as the inverse document frequency.

tij = tfij × idfj = (fij/mi)× (log2(N/nj) + 1) (3.3)

when nj and gt; 0.

ie,

(weightoftermjindocumenti) = (termfrequency)× (inversedocumentfrequency)

(3.4)

Where N is the total number of documents in the collection and nj, is the number

of documents in which the term tij appears at least once.

3.6 Conclusion

This chapter presents the query and document data set creation, annotation, and

document pre-processing and modeling techniques. First of all, collected different

Malayalam health documents. Then annotate these documents into SQUAD format

to create the MQuAD data set. Different pre-processing techniques used in this

study are tokenization, stop word removal, and stemming. After the processing,
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the documents are converted as vectors. These vectors are then used as input for

further processing, which will be discussed in succeeding chapters.
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Chapter 4

Word Embedding Based Question

Answering Model

4.1 Introduction

This chapter introduces a Question Answering approach that utilizes Word Em-

beddings for enhanced performance. The primary objective of this study is to bridge

the gap between human language comprehension and machine reasoning, ultimately

providing users with accurate and relevant answers to their queries [125]. The in-

corporation of Word Embeddings stands out as a crucial advancement, significantly

elevating the efficiency and effectiveness of our Question Answering System.

Word Embedding serves as a cornerstone technique in NLP, empowering machines

to represent words in a document as numerical vectors. What distinguishes Word

Embedding is its ability to capture and consider semantic interrelationships among

words. By encoding words into continuous vector spaces, the model gains a deeper

understanding of the contextual and semantic information present in the document.

This transformative approach contributes to the system’s ability to comprehend the
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intricacies of human language and provide meaningful responses to user queries.

The incorporation of Word Embedding contributes to the accuracy of the system

and enriches its capability to navigate the semantic complexities inherent in natural

language, thereby advancing the accuracy of the Question Answering process.

4.2 Word Embedding

Word Embedding stands as a pivotal method in both NLP and ML for represent-

ing words in a numerical format. This methodology is particularly impactful due

to its capacity to encapsulate the semantics and identify the relationships between

words within a given context [102]. The sample Word Embedding for Malayalam

words as shown in Figure 4.1 By adopting Word Embedding, move beyond more

symbolic representations, allowing our models to utilize the semantic information

present in the language.

Various approaches can be employed for Word Embedding, ranging from prob-

abilistic models to neural networks. These methods endeavor to capture the con-

textual essence of words, enabling machines to understand individual words and

the relationships and meanings they share within a given textual context. The

significance lies in the ability to translate linguistic expressions into vector spaces,

providing a numerical representation that encapsulates the semantic relationships

between words.

In Word Embedding, the underlying principle is that semantically similar words

should possess analogous representations. Consequently, when words are embedded

into vector spaces, those vectors become indicative of the semantic similarities be-

tween the corresponding words. This inherent property makes Word Embeddings
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Figure 4.1: Sample Word Embedding
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particularly valuable in NLP tasks, such as Question Answering and Information

Retrieval where the relevance and contextuality of words are paramount.

In this specific implementation of semantic Question Answering, this work uti-

lized the Word2Vec model for Word Embedding. Word2Vec, a powerful and widely

used Word Embedding model, employs neural networks to learn distributed repre-

sentations of words. This model excels in capturing semantic relationships, and its

application in our system contributes to the generation of highly relevant answers

for NLP tasks, particularly in the domain of Question Answering.

In essence, the utilization of Word2Vec as our chosen Word Embedding model ex-

emplifies our commitment to harnessing advanced methodologies that excel in cap-

turing the intricate semantics of the language. This method improves our system’s

accuracy and puts it in a better position to handle the complex world of natural

language by giving it a richer comprehension of word relationships and semantics.

4.2.1 Word2Vec

Word2Vec is a popular tool that embodies neural networks’ ability to capture

the subtleties of language semantics. This three-layered neural network operates by

transforming words from a higher-dimensional vector space to a lower-dimensional

one, providing a condensed yet information-rich representation of each word. The

distinctive feature of Word2Vec lies in its ability to represent words numerically and

consider the semantic relationships between them during the modeling process.

In Word Embedding the semantic relationships between words within the docu-

ment are also considered while modeling. In the vector space generated by Word2Vec,

words with analogous meanings are strategically positioned in proximity to each
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other. This spatial arrangement reflects the model’s ability to discern and encapsu-

late semantic similarities. Word Embedding was implemented by Word2Vec algo-

rithms, and offers two primary methodologies: Continuous Bag Of Words (CBOW)

and Skip-gram. These techniques cater to different aspects of language modeling,

providing flexibility and adaptability to various linguistic contexts.

Continuous Bag of Words (CBOW)

CBOW is a distinctive variant of the Word2Vec Word Embedding technique, which

operates with the specific goal of predicting the target word, based on its surrounding

context[166]. This predictive modeling is facilitated through the deployment of a

three-layered neural network architecture, which plays a crucial role in processing

the CBOW model. Neural Network Architecture in CBOW is shown in Figure 4.2.
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Figure 4.2: CBOW-Architecture

[113]

– Input Layer:- The input layer of the CBOW model is designed to correspond to

the context of the target word. It is essentially a representation of the words

surrounding the target word within a specified window size. Each word in
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the context is encoded as a vector and serves as an input node in the neural

network.

– Hidden Layer:- The hidden layer of the CBOW model acts as an intermediary

stage where the input vectors are projected onto a set of weights. This projec-

tion involves transforming the input vectors into a representation that captures

the relationships between the context words. The weights in the hidden layer

correspond to the projection of each word from the input layer.

– Output Layer:-

The output layer is responsible for predicting the target word based on the

transformed information from the hidden layer. Each node in the output layer

represents a possible word from the vocabulary. The goal of the CBOW model

is to maximize the probability of predicting the correct target word given a

particular context.

The training process of CBOW involves adjusting the weights in such a way that

the model becomes proficient at predicting the target word accurately. This is

achieved by maximizing the probability of selecting the correct target word given

the context information.

During the training period, the CBOW model learns to adjust the weights in both

the hidden and output layers to optimize its ability to predict the target word. The

optimization process involves iteratively updating the weights based on the errors

in the predictions, bringing the model closer to an accurate representation of the

relationships between words in the specified context.

In essence, the CBOW model excels at capturing the contextual dependencies

of words within a given window, facilitating the creation of meaningful Word Em-
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beddings that encapsulate the semantic relationships prevalent in the language. Its

adaptability and efficiency make CBOW a valuable tool in natural language pro-

cessing tasks that require a nuanced understanding of context and semantics.

Skip-Gram

The Skip-Gram model, a complementary counterpart to the Continuous Bag of

Words (CBOW) model within the Word2Vec framework, operates in a reverse fash-

ion by predicting context words based on a given target word [15]. This unique

approach makes Skip-Gram particularly adept at capturing the diverse contextual

usages of a word within a specified window. The architecture and functioning of the

Skip-Gram model is shown in Figure 4.3.
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Figure 4.3: Skip-Gram-Architecture

[114]

Neural Network Architecture in Skip-Gram

– Input Layer: Unlike CBOW, the input layer in the Skip-Gram model corre-

sponds to the target word. Each word in the vocabulary is represented as a

vector in this layer.
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– Hidden Layer: The hidden layer serves as a crucial intermediary stage where

the vector representation of the target word is projected onto a set of weights.

This projection aims to capture the diverse contextual relationships associated

with the target word.

– Output Layer: In Skip-Gram, the output layer is designed to predict the con-

text words based on the transformed information from the hidden layer. Each

node in the output layer represents a potential context word. The objective is

to maximize the probability of predicting the correct context words given the

target word.

The training process of Skip-Gram involves adjusting the weights in a way that

the model becomes proficient at predicting context words accurately when given a

specific target word. Similar to CBOW, Skip-Gram achieves this by maximizing the

probability of selecting the correct context words for a given target word.

During training iterations, the model refines the weights in both the hidden and

output layers to optimize its predictive capabilities. The iterative weight adjust-

ments are guided by the errors in predictions, leading the model to learn meaningful

representations of contextual relationships associated with each target word.

The key distinction between Skip-Gram and CBOW lies in their focus during

training. While CBOW predicts the target word based on the context, Skip-Gram

predicts context words based on a target word. This fundamental difference makes

Skip-Gram particularly well-suited for scenarios where a more detailed understand-

ing of the contextual diversity of a word is desired. The Skip-Gram model provides

a powerful mechanism for capturing the nuanced ways in which a word can be used

in various contexts. Its ability to represent the intricate relationships between a tar-

get word and its surrounding context makes Skip-Gram a valuable tool in natural
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language processing tasks that require a profound understanding of the multifaceted

usage of the words.

4.3 Architecture of Word Embedding Based Ques-

tion Answering Model

Here we describe the methodologies and architecture of the proposed semantic

Malayalam Question-Answering system. The different components of the system

include pre-processing of query and document, feature vector creating and semantic

modeling, and document ranking and answer retrieval modules [75]. The block

diagram of the system is shown in Figure 4.1.

4.3.1 Pre-processing of Queries and Documents

The Question Answering process initiates with the conversion of the provided

query into a standardized form, achieved through a comparison with the structural

patterns of stored queries. Subsequently, both the query and the associated docu-

ments undergo a series of pre-processing steps, employing various techniques such

as tokenization, stop-word removal, and lemmatization.

Tokenization is the initial step, where user queries are disassembled into individual

tokens. This process, specifically employing word tokenization, facilitates a granular

understanding of the textual content. Following tokenization, the dimension of the

term space is reduced through the removal of stop words. A customized Malayalam

stop-word list is crafted for this work, comprising less important terms in the context

of the Question Answering task.
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Finally, Lemmatization is applied to ascertain the "lemma" of each word, con-

sidering its intended meaning and context within a document. Unlike stemming,

lemmatization provides insights into the Part Of Speech, the exact meaning, and

the overall context of a word in the document. The entire pre-processing workflow

is seamlessly executed using the Indian Language Toolkit (INLTK), ensuring the

effectiveness and accuracy of these textual transformations. The block diagram of

the model is shown in Figure 4.4

Figure 4.4: Block Diagram of Word Embedding Based Question Answering System
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4.3.2 Feature Vector Creation and Semantic Modeling

After pre-processing, model the unlabelled word from the corpora into a dense

vector space. Here we proposed Word Embedding to model the words to an m-

dimensional vector space. While modeling the semantic information and context of

the words will also be considered. In Word Embedding, model a word by mapping

it from a multidimensional space to a continuous vector space with significantly less

dimension per word.

Word2Vec is the algorithm suggested for this investigation. Word2vec uses a

three-layered neural network to train itself to construct vocabulary from the corpus

and learn word representations. Word2vec offers two models: 1. Skip-gram and 2.

Continuous Bag of Words (CBOW). Skip-gram learns representations by predicting

each context word based on the target word, whereas CBOW learns representations

by predicting the target word based on its context words [68].

4.3.3 Document Ranking and Answer Retrieval

The process of document ranking depends on similarity measures to effectively

capture the likeness between queries and documents. For answer retrieval, cosine

similarity is used in this context. Cosine similarity is a metric used to measure the

similarity between two vectors in a multidimensional space. It calculates the cosine

of the angle between the two vectors, indicating the extent to which the vectors

point in the same direction [74]. In the context of natural language processing and

information retrieval, cosine similarity is often used to assess the similarity between

two documents or the similarity of word vectors. The calculation of cosine similarity

between questions and documents is given by:

Cosine Similarity(Q,D) =
Q ·D

∥Q∥ · ∥D∥
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Figure 4.5: Word Embedding for Queries and Documents

A higher Cosine value indicates a high similarity between the query and docu-

ments. In response to the user’s query, the system will return the page with a high

cosine similarity value.

The implementation of this study utilized a custom-created and annotated SQUAD-

style data set MQuAD for health-related Question Answering. The data set anno-

tation was conducted using the Haystack annotation tool. Subsequently, various

pre-processing techniques, including tokenization, stop word removal, and stem-

ming were applied to the annotated data. The next step involved transforming

the documents into vectors using Word Embedding algorithms. In this study, both

Continuous Bag Of Word (CBOW) and Skip Gram models were used for Word

Embeddings. The sample Word Embedding for queries and documents is shown in

Figure 4.5. The Word Embedding for entire documents is shown in Figure 4.6. The

final stage includes matching and retrieving results using cosine similarity measures.
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Figure 4.6: Word Embedding for MQuAD

4.4 Algorithm for Word Embedding Based Ques-

tion Answering

The proposed Question Answering (QA) model algorithm aims to efficiently re-

trieve relevant information from a corpus of documents in response to a user’s query.

The algorithm combines various natural language processing techniques and vector

space modeling to achieve this goal. The different steps in the algorithms are ex-

plained below.

The initial step includes the pre-processing of both the user’s query and the corpus

of documents. This step ensures that the text data is transformed into a standard-

ized and analyzable format. Then by using the Continuous Bag of Words (CBOW)

and Skip-Gram algorithms, the documents are encoded into an M-dimensional vec-

tor space. This encoding captures semantic relationships between words, allowing
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the algorithm to understand the contextual meaning of the documents. Subse-

quently, encode the documents into an M-dimensional vector space by Continuous

Bag of Words (CBOW) and Skip-Gram algorithms. By ranking the documents

based on their cosine similarity values, the algorithm identifies the documents most

closely aligned with the user’s inquiry. Then select the document with the highest

Cosine Similarity value, effectively pinpointing the most relevant response to the

user’s question. The step-by-step algorithm for the proposed Question Answering

model is shown below

Step 1: Start

Step 2: Pre-processing of query and documents.

Step 3: Convert and model the documents into an M-dimensional vector space

using the CBOW and Skip-Gram algorithms.

Step 4: Find the similarity between the query and documents by using the Cosine

Similarity measure.

Step 5: Rank the documents based on their Cosine Similarity value.

Step 6: Return the document with the highest Cosine Similarity value.

Step 7: Stop.

4.5 Result and Discussion

The sample queries along with their corresponding retrieved results are presented

in Figure 4.7.
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Figure 4.7: Sample Queries and Retrieved Results

This representation offers a comprehensive view of how the system responds to

specific queries, showcasing the effectiveness and relevance of the retrieval process.

The proposed algorithm stands as a promising tool for enhancing the Question

Answering System, showcasing the synergy of pre-processing, vector space modeling,

and cosine similarity measures in the pursuit of accurate and efficient Question

Answering.
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4.6 Case study: COVID-19 Question Answering Sys-

tem Using Word Embedding

As a case study, implemented a COVID-19-related Question Answering system

using word2vec models CBOW and Skip-Gram with Cosine Similarity measures.

For this experiment created a separate Question Answering data set with COVID-19

information. The dataset was designed to cover a wide range of topics related to the

pandemic, ensuring the system’s ability to address diverse queries. The utilization of

word2vec models, namely CBOW and Skip-Gram, was a strategic choice to capture

the semantics of the COVID-19-related queries and responses. The sample queries

and corresponding retrieved results are shown in Figure 4.8.

Figure 4.8: Sample Queries and Retrieved Results
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The system will answer users’ queries related to COVID-19 disease. This work

demonstrated its potential utility in addressing real-world challenges posed by the

COVID-19 pandemic

4.7 Performance Evaluation and Analysis

The evaluation of the system is carried out with the use of the F1 score, a measure

that creates a single value by combining recall and precision. Both precision and

recall are pivotal aspects for assessing the performance of the system, and the F1

score provides a comprehensive measure that strikes a balance between these two

important indicators. The F1 score is calculated using the formula 4.2.

F1 = 2× (PrecisionRecall)/(Precision+Recall) (4.1)

Precision and recall are commonly used metrics to evaluate the performance of

question-answering systems. These metrics are particularly important in natural

language processing tasks where the system is required to provide accurate and

relevant answers. Let’s define precision and recall in the context of a question-

answering system

– Precision:- A measurement of precision indicates how well the system has pre-

dicted good outcomes. It answers the question: "Of all the instances that the

system predicted as positive, how many are positive?" Precision is calculated

using the formula

Precision = (TruePositives)/(TruePositives+ FalsePositives) (4.2)

Where True Positives (TP) are the instances where the system correctly pre-

dicted positive, and False Positives (FP) are the instances where the system
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predicted positive incorrectly.

– Recall:- Recall, also known as sensitivity or true positive rate, measures the

ability of the system to capture all the relevant instances. It answers the ques-

tion: "Of all the actual positive instances, how many did the system correctly

identify?" Recall is calculated using the formula:

Recall = (TruePositives)/(TruePositives+ FalseNegatives) (4.3)

True Positives (TP) are the instances where the system correctly predicted

positive, and False Negatives (FN) are the instances where the system failed

to predict positive when it should have.

In the context of a Question Answering system, True Positives (TP) are instances

where the system correctly answers a question.

False Positives (FP): Instances where the system incorrectly answered a question.

False Negatives (FN): Instances where the system failed to provide an answer when

it should have.

A good Question Answering system should have both high precision and high

recall parameters. The Performance Analysis and features of our proposed Question

Answering System are shown in Table 4.1 and Table 4.2. The average F1 score of

Table 4.1: Performance Analysis of the System

Models Cosine Similarity F1 Score Learning Rate
CBOW 0.78 72.41% 0.025
Skip-Gram 0.81 76.20% 0.022

the proposed system with CBOW and Skip-Gram methods is evaluated as 72.4%

and 76.2% respectively.
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Table 4.2: Features of the Model

Model Embedding Dimension Window Size Number of Epochs
CBOW 100 4 10

Skip-Gram 100 4 10

4.8 Conclusion

In this stage, A Word Embedding-based Malayalam Question Answering model

is proposed. It will benefit the indigenous people who are looking for information

about health-related problems. Annotated Malayalam Question Answering dataset

MQuAD is utilized for this experiment. Semantic mapping and modeling of the

document are achieved by Word Embedding algorithms. The relevant responses to

the questions are then mapped and retrieved using similarity measures.
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Chapter 5

BERT Based Models for Question

Answering

5.1 Introduction

Conversational Question Answering aims to retrieve relevant answers to user’s

queries in natural languages. Question Answering and Information Retrieval have

been a significant advancement with intelligent systems such as Google Assistant,

Alexa, and Siri [16]. People are changing their information-searching activities to

text or voice-based interactive conversational methods. The evolution of neural

networks and transformer-based models has had an eminent impact on Question

Answering to ingest huge volumes of data and make Natural Language Processing

easy.

In conversational Question Answering, the response is either selected from a can-

didate set or extracted from a document [146]. To extract accurate and relevant

responses, the context or meaning of the text must be considered. The semantic

modeling or mapping of the documents as vectors plays an important role in the
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aspects of Question Answering. To address this challenge, this model proposed a

BERT-based conversational Question Answering model by performing a compar-

ative analysis of different BERT language models for Question Answering [104]on

the health domain in the Malayalam language and integrating the Reader-Retriever

pipeline with BERT models for better performance.

5.2 Bidirectional Encoder Representation from Trans-

formers (BERT) Model

BERT is the most popular and broadly used NLP and transformer-based model.

It can be considered the full context of the texts by looking in both directions, which

is suitable for identifying the intent of a query asked in Question-Answering tasks.

Because of its bi-directionally [24] and attention mechanism [147] attention BERT

has a deeper sense of language context and flow [120], and hence it is widely used

now in many NLP applications like Question Answering and Information Extraction.

5.2.1 Model Architecture

BERT is a transformer-based model, which utilises the encoder part of the trans-

formers [56]. It is used for getting contextual information from the past and future.

The transformer architecture consists of stacked encoders and decoders connected

with self-attention [24] as shown in Figure 5.1.
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Figure 5.1: Encoder Decoder Stacks in Transformers

Depending on the model and the work at hand, the number of stacked encoder and

decoder blocks may vary. Each decoder receives the output from the top-ranking

encoder. The output from the final decode is mapped to the intended target word

sequence. The detailed architecture of the transformer model is shown in Figure

5.2.
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Figure 5.2: Transformer Model Architecture

For all target words, generate scores for each of the encoder stacks. Then a soft-

max is used to normalize all the scores. Final weights are introduced to make the

context vector easy to train. Then an attention vector can be computed.

5.2.2 Self Attention

Self-attention is a pivotal mechanism in BERT and other transformer-based mod-

els. In the context of BERT, self-attention, also known as scaled dot-product at-

tention, is a mechanism that allows the model to weigh the importance of different

words in a sequence when encoding information
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The attention mechanism is a context vector that is plugged into the encoder-

decoder architecture. This context vector computes the probability distribution of

input words by taking all the encoder’s output. For each target word, generate

scores for each of the encoder states [20]. Then a softmax is used to normalise all

the scores. Finally, the weights are introduced to make the context vector easy to

train. Then the attention vector can be computed from the context vector. There

are two types of attention, they are

– Scaled dot product attention

The dot product attention can be computed by obtaining dot products be-

tween queries and keys and then applying a softmax function to get weights

for the corresponding values [165]. The attention function can be computed as

shown in equation 5.1.

Attention(Q,K, V ) = Softmax× (QKT/sqrt(dk))V (5.1)

The set of queries is packed into a matrix Q. The keys and values are packed into

matrix K and V .

– Multi-head Attention

Multi-head attention employs multiple attention heads to concurrently cap-

ture various aspects of the input sequence to understand and represent complex

relationships within the data [21]. Perform d-dimensional keys, values, and

queries to linearly project the queries, keys, and values ’h’ times with different

linear projections to dk,dk, and dv dimensions. respectively.

The attention function can be calculated as shown in equation 5.2.

Multi− head(Q,K, V ) = Concat(headi.....headh)W
0 (5.2)
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Where headi = Attention(QWQ
i , KW k

i , V W v
i )

5BERT is a bidirectional transformer for language modeling and is more popu-

lar in many NLP applications like Question Answering, language translation, etc.

The bidirectional processing [71] gives them deeper insights into the context of the

language. BERT used the features of Masked Language Modeling (MLM) [70] and

Next Sentence Prediction (NSP) [132] to surpass unidirectional constraints. The

two stages are to be followed while using BERT and re-training the model with

unlabeled data and fine-tuning[138] the model for a specific task such as Question

Answering.

By employing a bidirectional approach and sequential reading of the input text,

BERT enables the model to infer the meaning or context of a word from its neighbor-

ing terms. The encoder receives the token sequence, which is embedded as vectors

[112]. Position embedding, segment embedding, and token embedding [84] are com-

bined by the BERT model. Followed by a neural network that receives the vectors

and, depending on the document’s context generates an output sequence of vectors.

[4] [136].

5.2.3 Different BERT Models

The are different variations of BERT models are available. They are ALBERT,

DistilBERT, StructBERT, RoBERTa, etc. [64] [2]. Among these, ALBERT is a

much smaller version of BERT with less computation power [67]. DistilBERT in-

troduced for knowledge distillation, is used for the computation of large numbers of

parameters [123]. StructBERT incorporates language structures like word-level or-
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dering and sentence-level ordering into the BERT pre-training phase[152]. With ad-

ditional pre-training enhancements, RoBERTa is an optimized version of the BERT

model [103] [78], that achieves state-of-the-art performance on different NLP appli-

cations like Question Answering [163]. Each BERT model has two versions: BERT

base and BERT large. These different BERT models may have varying features

depending on their architecture, training data, and parameters as shown in Table

5.1.

Table 5.1: Features of Different BERT Models

Models No. of Layers No.of Hidden Units Parameters
BERT base 12 768 110M
BERT large 24 1024 340M
ALBERT base 12 768 12M
ALBERT large 24 1024 18M
RoBERTa base 12 768 125M
RoBERTa large 24 1024 355M
DistilBERT base 6 768 66M

5.3 Question Answering using Different BERT Mod-

els

This section discusses the implementation of a Question Answering model by

using various BERT models. Re-training and fine-tuning of various BERT models

for the Question Answering process are discussed.

The proposed model will retrieve answers to user’s queries about their health-

related issues and information about wellness in the Malayalam language. The study

utilizes the self-created Malayalam health Question Answering Data set MQuAD.

The annotated MQuAD data sets are retrieved in JSON file format. MQuAD con-

tains around 1 lakh questions and answers paired as in the Standford University
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Question Answering Data Set (SQuAD) format. Used different pre-trained BERT

models and then re-trained the models with health Malayalam data then fine-tuned

the models with MQuAD data set. The working of the Question Answering System

with BERT architecture is illustrated in Figure 5.3.

Figure 5.3: Working of Question Answering Process in BERT

BERT extracts tokens from both questions and documents, combining them as

input into the model. It incorporates a [CLS] token indicating the start of the sen-

tence and a [SEP] token to separate questions and documents containing answers.

BERT generates two segment embeddings: one for the questions and another for

the documents. These embeddings are then added together to create a one-hot rep-

resentation to distinguish questions from documents. Subsequently, the combined

embedded representation serves as input to the BERT model [121].
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Finally, the softmax function is applied to the last hidden layer of the BERT model

to generate a probability distribution for the start and end tokens corresponding to

the input text sentence. This distribution is then output as the answer for the posed

query. This study compared the performance of different BERT models, including

ALBERT, DistilBERT, StructBERT, and RoBERTa.

5.4 BERT Models with Reader-Retriever Pipeline

for Question Answering

This phase significantly improved the capabilities of the Question Answering pro-

cess by integrating a sophisticated Reader-Retriever pipeline architecture [46] with

BERT models. Reader-Retriever pipeline [10] is a technique, generally used for

open-domain Question Answering [169]. This involved the practical implementa-

tion of the proposed BERT model as a Retriever-Reader pipeline, enhancing its

efficiency and performance in handling complex queries. The block diagram of the

customized BERT model is illustrated in Figure 5.3
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Figure 5.4: Block Diagram of Customized BERT Model

Before passing to the BERT models, pre-process the data set to fit the format

for the pre-trained transformer models. Removed empty lines, white spaces, and

punctuation. Then applied word tokenization with a maximum sentence split length

of 200. After that assign each token to a corresponding token ID to make it a BERT

readable format. These are then passed to the retriever module. The retriever

contains a dual encoder architecture one for query and the other for the document.

The retrievers will parse the query and document then compute a retriever score.

The retriever score is defined by the dot product of the hidden representation of the

query and document computed as follows.

The model functions as follows: initially, the retriever pinpoints the top n most

likely documents. Out of these, the reader identifies and ranks the top m based

on similarity scores, ultimately selecting the document with the highest similarity
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score as the most appropriate answer. We assessed the performance of the new model

against the old BERT model, including ALBERT, DistilBERT, StructBERT, and

RoBERTa.

The query representation was obtained during the execution of the model as shown

in equation 5.1.

Vq = WqBERTq(qkrt)[CLS] (5.3)

Where BERTq is the question encoder

Wq is the projection matrix for query representation [CLS]

(qkrt) is the re-formatted query for the retriever representation and Vq belongs to

R, is the final query representation

The same method is used to obtain the document representation for document, i.

Vd = WdBERTd(Di)[CLS] (5.4)

Where BERTd is the document encoder

Wd is the projection matrix for the document query representation [CLS]

Di is a document collection and

(VdR)is the final document representation

Finally, compute the retriever score as,

Srt(qkrt,Di) = VqVdT (5.5)

The retriever will retrieve more probable documents for answering the queries, and

then the reader reads and extracts the best answers for the query by calculating a

similarity score.
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Similar to a retriever, the reader constructs a reformated query and then concate-

nates retrieved documents. It will then be input into the BERT model. The input

sequences are as follows.

(qkrd, Pi)is[CLS]qk − w[SEP ].....[SEP ]q(k − 1)[SEP ]qk[SEP ]Pi (5.6)

The BERT model in the reader generates contextual representation for each token.

V [n] = BERT ((qKrd, Pi))[n] (5.7)

Where V [n] is the representation for the nth token.

qkrd is the reformatted query for the reader.

The sequence representation V [CLS] is obtained by

V [CLS] = W [CLS]BERT ((qkrd, Pi))[CLS] (5.8)

Where W [CLS] is the projection for the [CLS] representation.

The reader will rank the top n retrieved answers and then predict an answer span

by calculating a similarity score as follows.

Ss(qkrd, Pi[n]) = WsV [n] (5.9)

Where Ss,(qkrd, P i[n]) are the scores for the nth token as the start token

Se(qkrd, Pi[n]) = WeV [n] (5.10)

Where Se,(qkrd, P i[n]) are the scores for the end tokens of the answer span.

Finally, the reader will generate the most relevant answer to the user’s query.
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5.5 Result and Discussion

This section contains a detailed analysis and evaluation of various BERT models,

namely ALBERT, DistilBERT, StructBERT, and RoBERTa. Initially performed re-

training and fine-tuning of various BERT models for Question Answering process.

Next level, enhanced the model by incorporating a hybrid Reader-Retriever pipeline

architecture with each BERT model. The sample result taken from the experiment

is shown below.

Figure 5.5: Sample Result from BERT Model

The performance analysis of different BERT models is shown in Table 5.2.
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Table 5.2: Performance Analysis of Different BERT Models

Models Precision Recall F1 Score Speed(No of Doc/Sec)
ALBERT (With
Reader Re-
triever)

0.45 0.7 74.02% 180

DistilBERT
(With Reader
Retriever)

0.6 0.41 69.28% 240

StructBERT
(With Reader
Retriever)

0.88 0.80 84.19% 210

RoBERTa
(With Reader
Retriever)

0.93 0.80 86.45% 150

The F1 score is calculated as a token level. F1 scores of different BERT models with

and without Reader-Retriever pipeline are shown in Table 5.3

Table 5.3: F1 Score of Different BERT Models

Models F1 Score
ALBERT 68.53%
DistilBERT 62.32%
StructBERT 76.42%
RoBERTa 78.65%
ALBERT (With Reader Retriever) 74.02%
DistilBERT (With Reader Retriever) 69.28%
StructBERT (With Reader Retriever) 84.19%
RoBERTa (With Reader Retriever) 86.45%

Experimental result shows that the F1 score of the RoBERTa model with Reader-

Retriever pipeline architecture is higher than all other models. Figure 5.5 indicates

the graph of the performance analysis of the system in terms of F1 score.
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Figure 5.6: F1 Score of Different BERT Models

From the graphs, it is clear that the RoBERTa achieved the highest performance

with an F1 score of 86% and DistilBERT achieved the highest processing speed.

We gauged the performance metrics using the F1 score, Exact Match (EM), and

processing speed measured in documents/second. The F1 score is employed to

determine similarity to the actual answer and represents the harmonic mean of the

Precision and Recall metrics. Precision is the proportion of relevant documents

retrieved to the total retrieved, while Recall is the proportion of relevant documents

retrieved out of all available relevant documents.

The RoBERTa with reader retriever pipeline achieved, the highest performance

with an F1 score of 86% and DistilBERT achieved the lowest F1 score.

The below graph compares the performance of each BERT model before and after

introducing the Reader-Retriever pipeline architecture.
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Figure 5.7: Performance Analysis of the System With and Without Reader-Retriever Pipeline

From the graph, it is clear that the F1 scores of all BERT models are increased

after the integration of the reader retriever pipeline architecture. Furthermore, the

optimized BERT model, RoBERTa achieved the highest F1 score compared to all

other BERT models. DistilBERT on the other hand, exhibited faster speeds.

Table 5.4: System Specifications

Tesla P100 Pale 16GB GPU
Consumed CUDA memory

Tensor flow packages and features
Haystack annotation tool

Training epoch = 5
Number of training steps = 2776
Number of warmup steps = 555
Longest sequence length = 256

Training loss = 0.0814

The system is equipped with a Tesla P100 Pale 16GB GPU, which is utilized CUDA

memory during the training process. TensorFlow packages and features are used for

GPU acceleration for efficient model training, while the Haystack annotation tool

is used to manage and annotate datasets. The model undergoes 5 training epochs,

with 2776 training steps and 555 warmup steps to gradually adjust the optimizer.
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The longest input sequence length is set to 256, and the training loss reaches 0.0814,

indicating the model’s effective learning performance.

5.6 Conclusion

This study conducted a detailed analysis of different BERT models for Question

Answering. We employed various pre-trained BERT models and then retrained and

fine-tuned them using the health Malayalam Question Answering Data set MQuaD.

After that introduced a Reader Retriever pipeline architecture with each BERT

model. Experimental results indicate that the F1 score of all BERT models in-

creased after the introduction of the Reader Retriever pipeline architecture and the

optimized BERT model Roberta achieved the highest F1 score compared to other

BERT models. While DistilBERT exhibited a higher processing speed than all other

models. The Exact Match (EM) score for each BERT model was evaluated as 1.
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Chapter 6

BioQA BERT- Proposed BERT

Model for Question Answering Using

LoRA and LLaMA

6.1 Introduction

This chapter proposed a new enhanced BERT model, BioQA-BERT, by integrat-

ing LoRA (Low-Rank Adaptation) [72] and the latest LLM - (LLaMA) [144] with

optimized BERT model - RoBERta. LoRA is a parameter-efficient fine-tuning tech-

nique currently used with Large Language Models, while LLaMA is the latest Large

Language Model. Here LLaMA is used to improve the accuracy of the Question

Answering model [156][12].

6.2 LoRa and LLaMA for Question Answering

LoRA serves as a parameter-efficient fine-tuning technique currently applied with

Large Language Models and LLaMA represents the latest addition to the family of
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Large Language Models. In this study, employed LLaMA to enhance the accuracy

of the Question Answering process.

6.2.1 LoRA-Low-Rank Adaptation Algorithm

LoRA is a Low-Rank Adaptation technique used to fine-tune large language mod-

els, aiming to decrease the number of trainable parameters for downstream tasks

without compromising the model’s quality. Unlike other methods it demands full

rank during adaptation in accumulated gradient updates to weight matrices, LoRA

doesn’t necessitate this condition. Consequently, it can converge to the original

model using fewer trainable parameters. Furthermore, LoRA offers notable bene-

fits, including a substantial reduction in storage requirements and task-switching

overhead [140]. This will enhance the training efficiency and introduce no inference

latency to the model when compared to a fully fine-tuned model.

6.2.2 LLaMA-Large Language Model Meta AI

LLaMA is Large Language Model Meta AI, a new AI language generator devel-

oped by Meta. LLaMA is an auto-regressive language model based on the trans-

former architecture, available in four sizes with parameters ranging from 7B to 65B

[117]. The main purposes of LLaMA include exploring applications, evaluating ex-

isting language models, enhancing strategies [35], and managing risks associated

with AI language models. Despite being smaller, LLaMA outperformed all other

models in tests and evaluations, with potential applications like a chatbot, transla-

tion, Question Answering, Text Generation, Content Creation, and Data Analysis,

etc.[48].
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6.2.3 LoRA and LLaMA for Question Answering

Here LoRA is a low-rank adaptation used for fine-tuning the BERT model, aiming

to decrease the number of trainable parameters [171] for the Question Answering

process. It can achieve on-par or higher model quality even when it reduces the

number of trainable parameters by 10,000 times [122] and the GPU memory re-

quired by three times [149], in tasks such as Natural Language Understanding and

Generation.

6.3 BioQA BERT- Proposed BERT model with LoRA

and LLaMA

Here proposed a new model BioQA BERT by integrating the efficiency of fine-

tuning algorithm LoRA and the latest LLM model LLaMA with our previously

proposed BERT model.

LoRA is a low-rank adaptation used for fine-tuning the BERT model, aiming to

decrease the number of trainable parameters for our Question Answering. While

diminishing the number of trainable parameters by 10,000 times and decreasing

the GPU memory requirement by threefold, it manages to maintain comparable or

superior model quality in tasks such as Question Answering and Answer Generation.

[79].

LLaMa is used to enhance the accuracy of the BERT model for Question An-

swering. The selection of answers is accomplished through external knowledge,

incorporating question information along with answer options [155][164]. Prompt

optimization is employed to improve the accuracy of answer selection, where correct

prompts aid in identifying and generating more probable answers [69]. The output
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from the BERT model is fed through a fine-tuned LLaMa. The input to LLaMa is

optimized considering prompt length, question subject, and answer position. The

architecture of the BioQA-BERT model is shown in the figure 6.1.

Figure 6.1: Architecture of Proposed BioQA-BERT

The output generated by the previously proposed BERT model serves as the

input for LLaMA, a Large Language Model, with an optimized prompt. Subse-

quently, LLaMA undergoes fine-tuning using our specialized Malayalam health data

set MQuAD. This strategic integration of LLaMA into the model has resulted in

a noteworthy 6% increase in overall accuracy. Consequently, the F1 score for the

proposed BioQA-BERT model stands at an impressive 92%, highlighting the en-

hanced performance achieved through the synergistic collaboration between BERT

and LLaMA in the context of Malayalam Question Answering in the health do-

main. This integration showcases the efficacy of combining state-of-the-art language

models, consequently underscoring the model’s proficiency in accurately addressing

users’ queries in the Malayalam language.
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6.4 Result and Discussion

Finally proposed a cutting-edge Question Answering model, BioQA-BERT, which

represents a significant advancement in the Question Answering process. This model

is crafted through the integration of two key components: the fine-tuning algorithm

LoRA and the latest Large Language Model (LLM) named LLaMA, with the opti-

mized BERT model.

The incorporation of LoRA, known for its effective fine-tuning capabilities, allows

our BioQA-BERT model to adapt more efficiently to the specific behavior of the

task at hand. Simultaneously, the integration of LLaMA, a state-of-the-art Large

Language Model, contributes to the overall robustness and linguistic sophistication

of the Question Answering System.

The intermediate result taken from the proposed BERT model is shown below
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Figure 6.2: Result from BERT / Input to LLaMA Model

The final and precise results from the LLaMA model are shown below.

117



Figure 6.3: Final Results from BioQA-BERT Model

The incorporation of LLaMA into the optimized BERT model will yield results

that are more precise, likely, and accurate. The performance evaluation of the newly

proposed BioQA-BERT model is shown in the table.

Table 6.1: Performance Analysis of Different proposed Models

Models Precision Recall F1 Score Speed(No of Doc/Sec)
BERT(With out
LoRA)

0.93 0.80 86.45% 150

BERT with
LoRA

0.88 0.92 90.28% 320

BioQA-BERT
(with LoRA and
LLaMA)

0.94 0.9 92.64% 280

Upon comprehensive evaluation, the results indicate a notable increase in the

accuracy of the retrieved answers. This enhancement underscores the efficacy of our

BioQA-BERT model, showcasing its ability to provide more precise and relevant

responses to user queries. The synergistic collaboration of LoRA and LLaMA with

BERT contributes to the model’s proficiency in handling intricate language features,

making it a valuable asset in the field of Question Answering.
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Table 6.2: System Specifications

Tesla P100 Pale 16GB GPU
Consumed CUDA memory

Tensor flow packages and features
Training epoch = 3

Training loss = 0.062

6.5 Conclusion

This work proposed an innovative BioQA-BERT model, a significant enhancement

in Question Answering Systems. By integrating the LoRA (Low-Rank Adaptation)

fine-tuning algorithm and the latest LLM (LLaMA) with our existing BERT model.

This study aims to achieve a more accurate and efficient response to user’s queries,

particularly in the health domain. LoRA, a parameter-efficient fine-tuning tech-

nique, significantly reduces trainable parameters without compromising the model’s

quality, leading to enhanced training efficiency. LLaMA, the latest Large Language

Model developed by Meta, contributes to the model’s linguistic sophistication and

overall robustness.

The low-rank adaptation algorithm, LoRA, facilitates fine-tuning of our BERT

model, reducing the number of trainable parameters and GPU memory require-

ments while maintaining or improving model quality. The introduction of LLaMA

into our BioQA-BERT model aims to capitalize on its capabilities for accurate

Question Answering in the Malayalam language. LLaMA is fine-tuned using a spe-

cialized Malayalam health data set MQuAD, resulting in a remarkable 6% increase

in overall accuracy. The BioQA-BERT model achieves an outstanding F1 score of

92.64%, highlighting its efficacy in accurately addressing health-related queries in

the Malayalam language.
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Chapter 7

Performance Analysis and Discussion

of Various Proposed Models

7.1 Introduction

In this chapter, conducted a comparative analysis, of the results obtained from

various proposed Question Answering models. Building upon the discussions pre-

sented in the preceding sections, this work sought to systematically compare the

performance and accuracy of these diverse models. The evaluation of the model

involved a comprehensive examination of key metrics and outcomes, considering

factors such as precision, recall, and F1 score. This comparative analysis, aimed

to discern the strengths and limitations of each model, providing valuable insights

into their respective capabilities in addressing the complexities inherent in Ques-

tion Answering tasks. By exploiting a structured approach and drawing upon the

detailed discussions from earlier sections, this study offers a clear understanding

of how these models fare in diverse scenarios and applications, contributing to the

broader landscape of Question Answering research.

120



7.2 Comparative Analysis

This research work proposed various models for Question Answering tasks in the

health domain with different NLP techniques, Word Embedding algorithms, and

transformer-based models. In the initial stage, developed a Word Embedding-based

Question Answering model. Then performed the Question Answering process using

different BERT models with Reader-Retriever pipeline architecture. Compare the

performance of different BERT varients ALBERT, DistilBERT, StructBERT, and

RoBERTa. Finally proposed a new model BioQA-BERT, with the advantage of

the LoRA fine-tuning algorithm and the latest LLM- LLaMA for improving the

accuracy of the Question Answering task. The performance analysis of different

models in the aspect of F1 score is shown in Table 7.1.

The course of this research endeavor introduced a diverse array of models for

Question Answering tasks within the health domain. The initial phase involved the

application of various Natural Language Processing (NLP) techniques and Word

Embedding methods. Subsequently, then customized the model by incorporating

BERT models with Reader-Retriever pipeline architecture. To comprehensively

assess their efficacy, perform comparative analysis across different BERT variants,

namely ALBERT, DistilBERT, StructBERT, and RoBERTa.

Upon evaluating the models, observed their respective strengths and weaknesses in

the context of Question Answering tasks, particularly focusing on their F1 score met-

rics. Recognizing the potential for further improvement, refined the BERT model

by integrating the LoRA fine-tuning algorithm. Additionally, used the cutting-edge

Large Language Model - LLaMA to enhance the overall accuracy of the Question

Answering task.
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The detailed performance analysis, including the F1 scores of the various models,

is presented in Table 7.1, providing a comprehensive overview of their comparative

effectiveness in addressing health-related inquiries.

Table 7.1: Performance Analysis of Different Question Answering Models

Models F1 Score
Word Embedding (CBOW) 72.41%
Word Embedding (Skip-Gram) 76.20%
ALBERT 68.53%
DistilBERT 62.32%
StructBERT 76.42%
RoBERTa 78.65%
ALBERT (With Reader Retriever) 74.02%
DistilBERT (With Reader Retriever) 69.28%
StructBERT (With Reader Retriever) 84.19%
RoBERTa (With Reader Retriever) 86.45%
BERT (with LORA) 90.28%
BioQA BERT(With LORA and LLaMA) 92.64%

The accuracy of the Question Answering model is increased while introducing

Reader-Retriever pipeline architecture with optimized BERT model RoBERTa in

comparison to its counterparts. Notably, the enhanced BioQA-BERT model, for-

tified with the sophisticated LoRA fine-tuning algorithm and the state-of-the-art

LLaMA model, exhibited exceptional performance, surpassing all other models in

the evaluation.

The augmentation of the model architecture, especially the incorporation of RoBERTa,

has played a pivotal role in refining the model’s comprehension and response capa-

bilities. The careful optimization of the BERT model, specifically with RoBERTa,

demonstrates a notable stride forward in achieving high accuracy in addressing

health-related queries.
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The incorporation of LoRA and LLaMA improves the model’s capacity to identify

subtle contextual differences in health texts. Thereby contributing to its superior

performance. This holistic approach, combining advanced architectural design with

cutting-edge algorithms, establishes the BioQA-BERT model as a front-runner in the

aspect of health Question Answering tasks, setting a new benchmark for accuracy

and effectiveness.

7.3 Conclusion

This chapter performed a comparative analysis of the performance of various pro-

posed Question Answering models. With the insights presented in the preceding

sections, the objective was to systematically evaluate the performance and accuracy

of these diverse models. From the analysis, it is clear that our latest proposed Ques-

tion Answering model BioQA-BERT has the highest accuracy of all other models.

We present a lucid comprehension of how these models perform across different sce-

narios and applications, thus making substantial contributions to the overarching

field of Question Answering research.
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Chapter 8

Conclusion

This study employed the development of a Word Embedding and a hybrid BERT

and Large Language Model-based model to enhance the Malayalam Question An-

swering process in the health domain. Initially created a Malayalam health Question

Answering Data set MQuAD. Then re-trained and fine-tuned different BERT mod-

els with the health data set. Customized a new BERT model with Reader Retriever

pipeline architecture with different BERT variants, and compared the performance.

Finally proposed an efficient model BioQA-BERT by integrating an efficient fine-

tuning algorithm and the latest large language model to improve the effectiveness

and accuracy of the Question Answering System.

In the initial phase, developed a Word Embedding-based model using Word2Vec

algorithms CBOW and Skip-Gram. Among them, the Skip-Gram algorithm demon-

strated the highest accuracy on our data set. In the subsequent phase, performed

a detailed analysis of different BERT models for Question Answering. Employed

various pre-trained BERT models and re-trained them with the Malayalam health

Question Answering data set. Additionally, fine-tuned the model with the MQuaD

data set.
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This process incorporated hybrid Reader Retriever pipeline architecture into each

BERT model and then compared the performance of different BERT models. In

the final stage, enhanced the performance of the BERT model by integrating the

LoRA algorithm and the latest LLM model, LLaMA, to improve the accuracy of

the Question Answering task.

Experimental results indicated an increase in the F1 score for all BERT models

after the introduction of the Reader Retriever pipeline architecture with LoRA and

LLaMA. Among them, the optimized BERT model RoBERTa with the Reader

Retriever pipeline and LLaMA showed the highest accuracy. In conclusion, while the

study offers significant insights into the state and challenges of Malayalam Question

Answering, especially in the health domain, it is bound by the inherent complexities

of the language and the limited precedent in this field.
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Chapter 9

Recommendations

9.1 Introduction

This study proposed a semantic Question Answering within the health domain.

While the findings and contributions mark a significant advancement, the study

identifies several promising avenues for future research and development that could

further augment the capabilities and applicability of the system. Looking ahead,

this section contains a strategic plan that involves the integration of cutting-edge

semantic methods and technologies into the existing system, aiming to enhance its

sophistication and efficacy.

9.2 Recommendations for Future Research

This study undertook a semantic-level Question Answering within the health do-

main. Although our findings and contributions represent a noteworthy advance-

ment, there exist several promising avenues for future research and development

that could augment the capabilities and applicability of our system. Looking ahead,

broaden the scope of this research by integrating more state-of-the-art semantic

126



methods and technologies into this system.

While the current model has showcased robust performance within the intricacies

of the health domain, acknowledge the importance of extending its capabilities to

encompass open-domain Question Answering. This strategic expansion will not only

contribute to the versatility of our system but also enhance its utility in addressing

a broader range of inquiries.

Furthermore, recognizing the linguistic diversity in India, extending the system’s

linguistic capabilities to handle queries in multiple Indian languages. This multi-

lingual approach aims to make the Question Answering System more inclusive and

accessible to a wider audience, catering to the diverse linguistic landscape of the

country.

This system serves as a foundation for future endeavors, and this study is commit-

ted to enhancing the research by incorporating advanced methodologies, expanding

into open-domain Question Answering, and ensuring linguistic inclusively for a more

comprehensive and efficient Question Answering System.

In the ongoing commitment to elevate the user experience and make the system

more accessible, have strategic plans to integrate multi-modal capabilities. This

entails the incorporation of speech recognition and audio features, enabling users to

engage with the system through spoken language, thereby broadening the avenues

of interaction and facilitating a more intuitive user interface.

To further enrich the user-centric experience, integrate sentiment analysis and

emotional awareness into the system. This enhancement will enable the system to

comprehend the literal meaning of user queries and discern the emotional context,

fostering empathetic responses tailored to the user’s state of mind.
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Recognizing the importance of transparency in AI systems, committed to devel-

oping methods that elucidate the system’s reasoning process. This transparency

initiative aims to build trust with users by providing insights into how the system

arrives at its responses, fostering a sense of understanding and reliability.

A pivotal aspect of future strategy involves actively seeking user feedback to gar-

ner valuable insights into the system’s performance and identify areas for improve-

ment. This iterative process of refinement, driven by real-world usage and user

input, ensures that the system evolves to meet the dynamic needs and expectations

of the users.

9.3 Conclusion

In summary, the integration of multi-modal capabilities, the infusion of emotional

intelligence into the system, transparency in reasoning processes, and a continuous

feedback loop with users. These initiatives collectively aim to create a more sophis-

ticated, user-friendly, and trustworthy system that aligns seamlessly with user needs

and preferences.
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