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Abstract: Machine reading comprehension (MRC) has emerged as a pivotal area of research within the 
realm of natural language processing, aiming to equip machines with the ability to understand and extract 

information from textual sources. This study investigates diverse approaches employed in the field of MRC, 

analyzing methodologies, techniques and their respective strengths and limitations. We delve into 

traditional rule-based systems, statistical models and contemporary deep learning architectures, 

highlighting advancements in neural network-based approaches such as attention mechanisms and 

transformer models. Furthermore, we explore the challenges posed by different types of MRC tasks, 

including span extraction, multiple-choice questions and cloze-style questions, along with benchmark 

datasets commonly used for evaluation. Through this comprehensive examination, we aim to provide 

insights into the evolution of MRC techniques, current trends and avenues for future research, thereby 

contributing to the advancement of machine comprehension capabilities and their practical applications. In 

this paper, we study various approaches used for question-answering systems. 
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1.  INTRODUCTION 

In the rapidly evolving landscape of artificial intelligence 

and natural language processing, the Machine Reading 

Comprehension project emerges as a pivotal endeavor, aimed 

at harnessing the transformative capabilities of deep learning 

to propel question-answering systems forward, specifically 

within the rich linguistic context of the Hindi language. As 

technology continues to bridge global communication gaps, 

there is an imperative to extend the frontiers of machine 

comprehension beyond English and toward languages with 

substantial cultural and linguistic diversity. This project 

responds to that imperative by focusing on Hindi, a language 

spoken by millions in India and across the globe. 

The primary ambition of this project is to usher in a new 

era of intelligent systems capable of not just processing but 

comprehending and responding to questions in Hindi. 

Achieving this requires a nuanced understanding of the 

intricacies of the language, a feat made possible through the 

integration of advanced deep learning techniques and state-

of-the-art natural language processing concepts [1]. 

At the core of this ambitious initiative lies the 

development of a sophisticated machine-reading 

comprehension model. This model, a product of cutting-edge 

research and innovation, is designed to navigate the 

complexities of Hindi text with a finesse that mirrors human 

comprehension. Unlike traditional language processing 

systems that often struggle with contextual nuances and 

linguistic intricacies, the proposed model thrives on its ability 

to interpret and analyze complex language structures, 

offering a promising solution for the creation of intelligent, 

context-aware systems. 

The foundation of the machine reading comprehension 

model rests on three crucial components: a contextual 

understanding, the ability to pose questions, and the 

proficiency to generate accurate answers. During its training 
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phase, the model is exposed to a diverse dataset 

encompassing a wide array of contexts, questions and 

answers in the Hindi language. This comprehensive dataset 

serves as the bedrock for the model's learning process, 

enabling it to discern patterns, relationships and nuances 

inherent in the language [2]. 

Training the model is a multifaceted process that involves 

optimizing parameters to enhance its performance in 

comprehending the intricacies of Hindi text. The goal is to 

equip the model with the ability to generate precise and 

contextually relevant responses when presented with queries 

in Hindi. This iterative optimization process not only refines 

the model's understanding of the language but also ensures 

adaptability to various linguistic styles and structures. 

 

 
Figure 1: Question Answering (QA) System 

 

Once the machine reading comprehension model 

completes its training, it emerges as a powerful tool capable 

of seamlessly processing and understanding user queries in 

Hindi. When confronted with a question, the model leverages 

its acquired knowledge to sift through the provided context, 

discerning meaning and context with a level of sophistication 

previously unseen in Hindi language processing. The 

outcome is the generation of accurate, meaningful responses 

that mirror human-like comprehension, opening avenues for 

applications ranging from information retrieval to enhancing 

human-computer interactions in Hindi. 

The potential applications of such a system are extensive, 

transcending traditional language processing boundaries. In 

the realm of information retrieval, the machine reading 

comprehension model can serve as an invaluable resource for 

extracting relevant data from vast repositories, streamlining 

the search process for users querying in Hindi. Furthermore, 

in the domain of human-computer interactions, the model can 

elevate the quality and depth of engagements, offering users 

a more intuitive and natural interface to interact with 

technology in their native language. 

As a significant stride towards the advancement of natural 

language processing in the Indian linguistic landscape, the 

Machine Reading Comprehension project carries profound 

implications for both research and practical applications. 

Beyond its immediate contributions to the development of 

sophisticated language models for Hindi, this project lays the 

groundwork for future endeavors in adapting similar 

approaches to other languages, thus fostering inclusivity and 

accessibility in the realm of artificial intelligence [3].. 

 

2. LITERATURE REVIEW 

 The landscape of natural language processing (NLP) has 

seen remarkable progress in recent years, driven by 

innovative research endeavors and the development of 

sophisticated models and frameworks. This literature review 

examines key contributions and advancements in the field, 

focusing on seminal works and influential studies that have 

shaped the trajectory of research in machine reading 

comprehension (MRC) and related areas. 

Chandar et al. [4] introduced an auto encoder approach to 

learning bilingual word representations, pioneering efforts in 

multilingual NLP tasks. Their work laid the foundation for 

subsequent research in cross-lingual understanding and 

machine translation, demonstrating the efficacy of 

unsupervised learning techniques in capturing linguistic 

similarities across languages. 

Raghavi et al. [5] addressed the challenge of question 

classification in code-mixed languages, contributing to the 

development of models capable of understanding and 

processing linguistic variations in real-world contexts. Their 

studies underscored the importance of linguistic diversity in 

NLP applications and highlighted the need for robust and 

adaptable systems. 

Nanda et al. [6] presented a Hindi question-answering 

system, leveraging machine learning approaches to enable 

automated comprehension and response generation in Indian 

languages. Their work exemplifies efforts to democratize 

access to information by catering to non-English-speaking 

populations and fostering inclusivity in NLP research. 

The release of benchmark datasets such as SQuAD [7] 

and SberQuAD provided researchers with standardized 

evaluation frameworks, facilitating the assessment and 

comparison of MRC models. Rajpurkar et al. [7] introduced 

SQuAD, a large-scale dataset for machine comprehension 

tasks, which has since become a benchmark for evaluating 

the performance of NLP systems. 

In recent years, significant strides have been made in 

advancing natural language processing (NLP) through the 

development of innovative models and frameworks aimed at 

enhancing language understanding and processing 

capabilities. This literature review examines pivotal 

contributions in this domain, focusing on seminal works that 
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have shaped the landscape of NLP research and propelled the 

field forward. 

Vaswani et al. [8] introduced the groundbreaking 

"Attention is All You Need" model, which revolutionized 

sequence-to-sequence learning by introducing the 

transformer architecture. Their work demonstrated the 

effectiveness of attention mechanisms in capturing long-

range dependencies in sequential data, leading to remarkable 

improvements in various NLP tasks, including machine 

translation and language understanding. 

Gupta et al. [9] presented MMQA, a multi-domain multi-

lingual question-answering framework tailored for both 

English and Hindi. Their framework addressed the need for 

robust QA systems capable of handling diverse linguistic 

domains and languages, laying the foundation for 

multilingual QA research and applications. 

Wang et al. [10] introduced GLUE, a multi-task 

benchmark and analysis platform designed to evaluate the 

performance of NLP models across a range of language 

understanding tasks. Their work facilitated comprehensive 

evaluations of NLP models, fostering a deeper understanding 

of their strengths and weaknesses and driving advancements 

in model development and optimization. 

Devlin et al. [11] proposed BERT, a deep bidirectional 

transformer model pre-trained on large-scale corpora, which 

achieved state-of-the-art performance across various NLP 

tasks. Their work popularized the use of transformer-based 

architectures and pre-training techniques, significantly 

advancing the capabilities of NLP models in capturing 

contextual information and semantic understanding. 

Liu et al. [12] introduced RoBERTa, a robustly optimized 

BERT pre-training approach aimed at further enhancing 

model performance and generalization capabilities. Their 

work addressed key limitations of existing pre-training 

methods, leading to significant improvements in model 

robustness and adaptability to diverse linguistic tasks and 

domains. 

Mozannar et al. [13] presented research on neural Arabic 

question answering, contributing to the growing body of 

literature focused on advancing NLP capabilities in specific 

linguistic contexts. Their work exemplifies efforts to tailor 

NLP models and techniques to address the unique 

characteristics and challenges of different languages and 

language families. 

The advancement of natural language processing (NLP) 

has led to the development of sophisticated models and 

frameworks designed to address diverse linguistic challenges 

and facilitate cross-lingual understanding. This literature 

review explores key contributions and trends in the field, 

focusing on seminal works and influential studies that have 

shaped the landscape of multilingual question-answering and 

cross-lingual representation learning. 

Clark et al. [14] introduced TyDiQA, a benchmark dataset 

designed to evaluate information-seeking question answering 

in typologically diverse languages. Their work addressed the 

need for resources and evaluation metrics tailored to 

languages with varying linguistic structures and properties, 

facilitating progress in multilingual NLP research. 

Gupta et al. [15] proposed a deep neural network 

framework for English-Hindi question answering, leveraging 

the power of deep learning techniques to enable effective 

comprehension and response generation in low-resource 

languages. Their study exemplifies efforts to extend NLP 

capabilities to languages with limited linguistic resources and 

research focus. 

Lewis et al. [16] presented MLQA, a benchmark for 

evaluating cross-lingual extractive question-answering 

systems. Their work aimed to assess the robustness and 

generalization capabilities of NLP models across diverse 

language pairs, fostering research into cross-lingual transfer 

learning and knowledge transfer. 

Gupta and Khade [17] explored BERT-based multilingual 

machine comprehension in English and Hindi, demonstrating 

the effectiveness of transformer-based models in capturing 

cross-lingual semantic similarities and facilitating knowledge 

transfer across languages. 

Artetxe et al. [18] investigated the cross-lingual 

transferability of monolingual representations, shedding light 

on the potential of pre-trained embeddings to capture 

linguistic similarities across languages and enable cross-

lingual understanding. 

Conneau et al. [19] proposed unsupervised cross-lingual 

representation learning at scale, presenting a framework for 

learning language-agnostic embeddings from large-scale 

multilingual corpora. Their work laid the groundwork for 

unsupervised approaches to cross-lingual NLP tasks, offering 

insights into the challenges and opportunities of knowledge 

transfer across languages. 

Hanuja et al. [20] introduced MuRIL, a multilingual 

representation model tailored to Indian languages. Their 

study addressed the need for language-specific 

representations and resources in linguistically diverse regions, 

advancing the goal of linguistic inclusivity in NLP research. 

The integration of cutting-edge technologies like fog 

computing and the Internet of Things (IoT) into healthcare 

systems has garnered significant attention due to its potential 

to enhance disease prediction, healthcare delivery and patient 

outcomes. This literature review examines key studies 

focusing on the application of fog computing, IoT and 

predictive analytics in healthcare settings, along with recent 
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advancements in machine reading comprehension (MRC) 

and question-answering (QA) systems. 

Singh and Kaur [21] presented a framework leveraging 

fog computing to predict COVID-19 disease at an early stage. 

Their study showcased the effectiveness of fog computing in 

processing and analyzing real-time healthcare data, thereby 

enabling timely intervention and management of the 

pandemic. 

Singh et al. [22] explored the role of IoT in sustaining 

smart and secure healthcare systems, emphasizing its 

potential to improve patient monitoring, medication 

adherence and overall healthcare service delivery. Their work 

underscores the importance of IoT-enabled solutions in 

enhancing healthcare accessibility and efficiency. 

Singh et al. [23] proposed an ensemble-based approach to 

predict health insurance premiums at an early stage, 

showcasing the utility of predictive analytics in optimizing 

insurance risk assessment and pricing strategies. Their study 

highlights the value of data-driven insights in informing 

decision-making processes within the healthcare industry. 

Singh and Kaur [24] introduced a software-based 

framework for the development of smart healthcare systems 

using fog computing, providing a comprehensive platform 

for healthcare data management, analysis and decision 

support. Their framework contributes to the advancement of 

fog computing applications in healthcare, enabling seamless 

integration with existing infrastructure and systems. 

Beyond healthcare-focused research, recent studies have 

explored advancements in NLP, MRC, and QA systems. 

Ramesh et al. [25] introduced Samanantar, the largest 

publicly available parallel corpora collection for 11 Indic 

languages, facilitating research in multilingual NLP and 

cross-lingual understanding. 

Recent years have witnessed a surge of interest and 

research focus on machine reading comprehension (MRC) 

and question-answering (QA) systems, driven by 

advancements in natural language processing (NLP) and deep 

learning techniques. This literature review delves into 

seminal studies and surveys that provide valuable insights 

into semantic matching in MRC, the proliferation of QA 

datasets, the state of open-domain complex question 

answering, and the evolution of deep learning-based QA 

systems. 

Liu et al. [26] conducted an empirical study on semantic 

matching in MRC, shedding light on the effectiveness of 

various semantic matching techniques in enhancing 

comprehension and answer retrieval accuracy. Their work 

contributes to the understanding of semantic modeling 

approaches and their impact on MRC performance, paving 

the way for more nuanced and effective QA systems. 

Rogers et al. [27] presented a comprehensive taxonomy of 

NLP resources for question answering and reading 

comprehension, highlighting the diverse array of datasets 

available for training and evaluating QA models. Their 

taxonomy provides researchers and practitioners with a 

systematic framework for navigating the landscape of QA 

datasets, facilitating informed decision-making and 

benchmarking efforts. 

Etezadi and Shamsfard [28] surveyed the state of the art 

in open-domain complex question answering, offering 

insights into the challenges, approaches and advancements in 

addressing the complexity of real-world questions. Their 

survey encompasses a wide range of techniques and 

methodologies employed in open-domain QA systems, 

providing a holistic overview of the field. 

Abdel-Nabi et al. [29] presented a survey focusing on 

deep learning-based question-answering systems, analyzing 

the evolution of deep learning techniques and their 

applications in QA tasks. Their survey synthesizes key 

research findings and trends in deep learning-based QA 

systems, offering valuable perspectives on the state of the art 

and future directions in the field. 

Collectively, these studies and surveys contribute to our 

understanding of semantic matching in MRC, the landscape 

of QA datasets, the challenges and advancements in open-

domain complex question answering, and the role of deep 

learning in QA systems. They provide researchers and 

practitioners with valuable insights and resources for 

advancing the state of the art in MRC and QA, fostering 

innovation and progress in the field of NLP. 

Legal question-answering systems have gained significant 

attention due to the growing need for efficient access to legal 

information and expertise. Martinez-Gil [30] conducted a 

comprehensive survey on legal question-answering systems, 

providing insights into the various methodologies, techniques 

and challenges associated with these systems. The survey 

highlights the importance of machine learning and deep 

learning approaches in addressing legal question-answering 

tasks and discusses the potential applications and future 

directions in this domain. 

Community question-answering (CQA) platforms play a 

crucial role in facilitating knowledge sharing and 

collaboration within communities. Roy et al. [31] conducted 

a state-of-the-art review of CQA issues, focusing on the 

application of machine learning and deep learning techniques. 

Their analysis provides valuable insights into the challenges 

and opportunities for improving CQA systems, including 

question understanding, answer quality assessment and 

community engagement. 
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Mahbub et al. [32] introduced CPGQA, a benchmark 

dataset tailored for machine reading comprehension tasks on 

clinical practice guidelines. Their work addresses the need 

for specialized datasets in the healthcare domain, facilitating 

research and development efforts in leveraging transfer 

learning for CQA tasks related to clinical practice. 

Manjunath et al. [33] proposed a smart question-

answering system utilizing a vectorization approach and 

statistical scoring method. Their system enhances question 

understanding and answers retrieval by leveraging advanced 

vectorization techniques and statistical modeling, improving 

the overall effectiveness of CQA systems. 

Darvishi et al. [34] introduced PQuAD, a Persian 

question-answering dataset, catering to the needs of Persian-

speaking communities. Their work contributes to the 

diversity of available datasets, enabling research and 

development in Persian language processing and CQA 

systems tailored for Persian speakers. 

Qiu et al. [35] presented a question-answering system 

based on mineral exploration ontology generation, utilizing a 

deep learning methodology. Their system leverages domain-

specific knowledge to enhance question-answering accuracy 

in the context of mineral exploration, showcasing the 

applicability of deep learning techniques in specialized 

domains. 

Abedissa, Usbeck, and Assabie [36] introduced AMQA, 

an Amharic question-answering dataset, addressing the need 

for resources in underrepresented languages. Their work 

contributes to the advancement of natural language 

processing research by providing a valuable resource for 

developing question-answering systems tailored for the 

Amharic language. 

Zhang and Zhang [37] proposed FinBERT–MRC, a 

financial named entity recognition system using BERT under 

the machine reading comprehension paradigm. Their work 

focuses on enhancing the extraction of financial entities from 

textual data, leveraging state-of-the-art deep learning 

techniques to improve the accuracy and efficiency of 

financial information extraction tasks. 

Wu et al. [38] presented a memory-aware attentive 

control mechanism for community question answering, 

incorporating knowledge-based dual refinement techniques. 

Their work aims to improve the performance of community 

question-answering systems by enhancing attention 

mechanisms and incorporating domain-specific knowledge 

for more accurate and contextually relevant answers. 

Ezzini et al. [39] introduced an AI-based question-

answering assistance system for analyzing natural-language 

requirements. Their work focuses on leveraging artificial 

intelligence techniques to assist in the analysis of natural-

language requirements, aiming to improve the efficiency and 

accuracy of requirement analysis processes in software 

engineering. 

Suissa et al. [40] proposed a question-answering system 

utilizing deep neural networks for semi-structured 

heterogeneous genealogical knowledge graphs. Their work 

addresses the challenges of question answering in complex 

knowledge graphs, leveraging deep learning techniques to 

enhance the retrieval and comprehension of information from 

genealogical data. 

 

3. CONCLUSION 

In this paper, we are inclined to mention numerous 

techniques that are enforced for machine reading 

Comprehension. Overall, the reviewed literature highlights 

the diverse applications and methodologies in the field of 

NLP, ranging from fundamental research on language 

understanding to practical applications in healthcare, finance, 

legal domains and beyond. The integration of deep learning 

techniques, coupled with the availability of large-scale 

datasets and evaluation platforms, continues to drive 

innovation and progress in natural language processing 

research. Ultimately, the overall research is the narrowing of 

the identified research gap in the literature, fostering 

advancements in natural language processing for Hindi 

language comprehension, question answering and 

contributing to the broader landscape of linguistic diversity in 

AI applications. 
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