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Abstract

Deep learning-based question answering systems have transformed the discipline of natural
language processing (NLP) by automating the extraction of answers from textual data. This survey
paper provides a captivating overview of these systems, exploring methodologies, techniques, and
architectures such as recurrent neural networks (RNNs), BERT model, and transformer models.
Extractive and generative approaches are examined, alongside the challenges of handling complex
questions, managing noisy input, and addressing rare or unseen words. This survey serves as a
stimulating reference, offering valuable insights to researchers and practitioners, fueling innovation
and advancement in question answering systems within NLP.

Keywords: deep learning; question answering system; natural language processing; BERT; recurrent
neural networks

1. Introduction

Deep learning-based question answering systems have gained popularity over the past few
years mainly because of their capacity to achieve something in a rapid and precise way for questions
posed in natural language. Deep learning models are used by these systems to comprehend the
question’s context and collect relevant data from a variety of resources such as text, pictures, as well
as knowledge sources. Deep learning-based question answering systems have revolutionized the
area of natural language processing (NLP) by enabling automated extraction of answers from textual
data. Significant progress has been achieved in creating reliable and accurate question-answering
systems as a result of the development of deep learning algorithms and the accessibility of enormous
datasets. These systems have become vital in various applications, including information retrieval,
virtual assistants, customer support, and educational platforms. Traditional approaches to question
answering often struggled to handle the complexities and ambiguities of natural language queries.
However, deep learning techniques have shown immense potential in overcoming these challenges
by leveraging powerful neural network architectures capable of learning intricate patterns and
representations.

In this survey paper, our objective is to provide an in-depth exploration of deep learning-based
question answering systems. We will delve into the methodologies, techniques, and architectures that
have been successfully employed in developing these systems. From recurrent neural networks
(RNNSs) to BERT model and transformer models, we will unravel the diverse range of deep learning
approaches used to tackle question answering tasks. Furthermore, we will examine both extractive
and generative approaches, where answers are either extracted directly from text or generated based
on learned representations. Beyond methodologies, our survey will shed light on the key challenges
faced by deep learning-based question answering systems. These challenges encompass handling
complex questions requiring reasoning and inference, effectively dealing with noisy and ambiguous
input, supporting multiple languages, processing non-textual data such as images or audio, and
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addressing the difficulties posed by rare or unseen words. Addressing these challenges is vital to
advancing the field and improving the performance of question answering systems in real-world
scenarios.

By presenting a comprehensive overview of deep learning-based question answering systems,
their methodologies, and the challenges they face, this survey paper aims to provide valuable insights
to researchers, practitioners, and enthusiasts in the field of NLP. Our goal is to offer a reference point
for understanding the state-of-the-art techniques, sparking innovation, and fostering the
development of more accurate and robust question answering systems.

2. Systematic Literature Review

A systematic literature review is a purposeful and systematic planning approach to discovering,
assessing, and combining every piece of research material related to a specific research issue or
subject of interest. It involves a rigorous and transparent process of searching for, selecting,
appraising, and summarizing existing studies to give an in-detail and objective summary of the data
that is accessible on the topic. A systematic literature review usually consists of multiple phases, such
as identifying the research question, creating a search plan, identifying and choosing relevant
research, evaluating the integrity of those that were included, obtaining and analyzing data, and
combining the results.

Activities of Systematic Literature Review

The following activities are performed to conduct SLR in this research as shown in Figure 1.
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Figure 1. The Overview of SLR in Research.

2.1. Keywords Identification:

Keywords are words or phrases that represent the main ideas or concepts of a topic. To identify
relevant keywords, it’s important to brainstorm a list of terms, refine and prioritize the list based on
relevance and specificity, and test and adjust the keywords through trial searches. This helps
researchers to focus and refine their search for relevant information. In this research following criteria
is defined for this activity.
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2.1.1. Broader/Narrow Terms:

Broader terms refer to more general concepts or ideas, while narrower terms refer to more
specific subsets within those concepts. Using both broader and narrower terms can help researchers
refine their search for relevant information. For example, Digital media, Communication technology
or Online platforms are broad terms and Facebook, Twitter, Instagram, TikTok, YouTube are its
narrower terms. Starting with broad terms and gradually narrowing the search, or starting with
narrow terms and expanding the search, can ensure a comprehensive and targeted search for
information. In this research I have selected narrow keywords as shown in Table 1. For “Deep
Learning”, Artificial Intelligence, Context Aware, Deep Architectures, and alike broad terms are used
whereas for “Question” I have focused only on terms related to “Answering System”.

Table 1. Keyword Identification for the Problem.

Deep Learning based Question Answering System

Artificial Intelligence - Query Answering System
Context Aware - Automated Answering System
Deep Architectures - -

Deep Models - -

Deep Neural Network - -

Knowledge - -

Machine Learning - -

2.1.2. Synonyms/Near Synonyms:

There should be a relevancy between selected synonyms, such as workers, employees,
personnel. In this survey three synonyms are identified for keyword “question” and seven are for
“deep learning” which are selected on close relevance as shown in Table 1.

2.1.3. UK/US English:

UK English and US English are two variants of the English language that have differences in
spelling, pronunciation, vocabulary, and grammar. Some examples include differences in the spelling
of certain words, pronunciation of certain words, meaning of certain words, and usage of certain
grammar constructs. It's important to be aware of these differences and use the appropriate variant
based on the context and audience. I have focused on UK English because it is a standard for technical
write ups like research articles.

2.1.4. Terminology Change over Time:

Terminology can change over time due to social, cultural, technological, and scientific
developments. Factors such as globalization and migration can also influence changes in
terminology. It's important to stay up-to-date with changing language and terminology to effectively
communicate and collaborate with others. There is no such keyword in our research problem that
might change.

2.2. Truncation/Stemming:

Truncation, also called stemming, is a technique used in database searching that involves adding
a symbol () at the end of a word to retrieve variations of that word. It can help broaden a search to
find more results, but it may also bring up irrelevant results. Truncation should be used carefully and
in combination with other search techniques to get the best results. Table 2 shows the results of
truncation on identified keywords.
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Table 2. Steps of Truncation on one of the string.

Deep Learning Based Question Answering System
Deep Learning Base Question Answer System
Deep Learning Base Question Answer System

2.2.1. Pruning:

It is the process in which certain words like propositions, ‘ing’, ‘ed’ are trimmed from the
keywords. For example, “Based” will become “Base” etc.

2.2.2. Wild Card:

Wildcard is a character that signifies specific meaning to the search engine. For example: “safe “

will retrieve “safety”, “safely”, “safest” etc. where is a wild card. In this research wildcards are
used on selected for effective search of relevant research articles.

2.2.3. Proximity Search:
Double-quoting words allows you to conduct a search for a certain expression, for example,
“Deep Learning” and “Question Answering System”.

2.2.4. Boolean Operators:

When searching for information, words are combined using the Boolean operators AND, OR,
and NOT. Look for specific phrases or topics initially, then use the searching history to organise
collections of results applying Boolean operators. In this research we use the Boolean operator AND
to fetch all relevant researches containing all keywords as shown in Figure 2.

Deep

Question
Learning

Based

Answering
System

Figure 2. Application of Boolean Operator in Search Clause.

2.3. String Development:

After defining keywords next step is the formation of substrings. String formation/development
is the process of creating search terms or queries that accurately represent the concepts and ideas
being searched for. It involves identifying relevant keywords and using them to construct a search
string that will retrieve the desired information. Effective string development is important for
ensuring accurate and comprehensive search results. The following Table 3 shows the strings which
are formed by making combinations of the keywords.

Table 3. List of strings developed from selected keywords.

Deep Learning Based Question Answering System
Artificial Intelligence Based Question Answering System
Artificial Intelligence Based Query Answering System
Artificial Intelligence Based Automate Answering System
Context Aware Based Question Answering System
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Context Aware Based Query Answering System
Context Aware Based Automate Answering System
Deep Architectures Based Question Answering System
Deep Architectures Based Query Answering System
Deep Architectures Based Automate Answering System
Deep Learning Based Question Answering System
Deep Learning Based Query Answering System
Deep Models Based Question Answering System
Deep Models Based Query Answering System
Deep Models Based Automate Answering System
Deep Neural Network Based Question Answering System
Deep Neural Network Based Query Answering System
Deep Neural Network Based Automate Answering System
Knowledge Based Question Answering System
Knowledge Based Query Answering System
Knowledge Based Automate Answering System
Machine Learning Based Question Answering System
Machine Learning Based Query Answering System
Machine Learning Based Automate Answering System

2.4. Database Selection:

Database selection is the procedure of finding and picking out the best databases to use while
doing a search for knowledge on a particular topic. It involves evaluating the scope, content, and
relevance of different databases and selecting those that are most likely to contain the desired
information. Effective database selection is important for ensuring that search results are
comprehensive, relevant, and reliable. The selection of databases to be searched is an important step
for collection of relevant research articles. This activity comprises of following steps.

2.4.1. Determine Databases:

The following highly-ranked two databases are searched in this research.
o IEEEXplore https://ieeexplore.ieee.org/
e ACM digital Library https://dl.acm.org/

2.4.2. Explored Pages:

For each input string first three pages of each database is searched.

2.4.3. Time Range

Four folders are created in Zotero for downloading researches of years 2020, 2021, 2022, 2023.

2.5. Searching:

The next step is to execute searching, once strings are ready. All relevant papers are downloaded
in Zotero in respective folders year-wise as shown in Figure 3.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202312.1739.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 November 2025

doi:10.20944/preprints202312.1739.v2

6 of 38

Title Based Screening

My Publications

Duplicate Items
Unfiled Items
accuracy Adversarial training

answer graph  Answer Selection

Answer verifier AP

Artificial Intelligence

2 2020 - Zotero - =} X
File Edit Yiew JTools Help
2020 Deep Text Matching in Med... X
s @~ O~ A& @~ #~| 1% ~ Everythin »--c
Data mining A Title Creator
Research Method # Research and Implementation of Railway Technical Specification Question Answering System Based 0... Hu -
Abstract Based Screening Recent Trends in Deep Learning Based Open-Domain Textual Question Answering Systems Huang et al -
Objective Based Screen. # Interpreting Human Responses in Dialogue Systems using Fuzzy Semantic Similarity Measures Adel etal. -
Quality Assesment # High Accuracy Conversational Al Chatbot Using Deep Recurrent Neural Networks Based on BILSTM .. Anki et al. -
Searching Protocol # Interpreting Variational Autoencoders with Fuzzy Logic: A step towards interpretable deep learning b... B6lat and Kumbasar -
v E ACM Intelligent Question Answering in Restricted Domains Using Deep Learning and Question Pair Matchi... Cai et al -
2020 # Review of Deep Learning for Improving the & of Machine Reading Comprehen... Farooq and kaushik -
R # Knowledge Question-Answering System Based on Knowledge Graph of Traditional Chinese Medicine  Gao and Li -
2022 Technical Q8A Site Answer Recommendation via Question Boosting Gao et al. -
& 2023 # Impact of Deep Learning and Smartphone Technologies in Dermatology: Automated Diagnosis Goceri -
A JEEEXGOn. # Leveraging Profanity for Insincere Content Detection - A Neural Network Approach Gottipati et al. -
2020 # Towards Chatbot-based Interactive What- and How-Question Answering Systems: the Adobot Appro. Hien et al. L
2021 # Dexter the College FAQ Chatbot Huddar et al. -
sg;i # Online Subjective answer verifying system Using Artificial Intelligence Jagadamba and Shree G -

# Answering Binary Causal Questions: A Transfer Learning Based Approach
& RobOtVQA —A S ph- and Deep-Leamning-based Visual Question Answering System for Robo
# Bengali Question Answering System Using Seq2Seq Leaming Based on General Knowledge Dataset

# Nadine-Bot: An Open Domain Migrant Integration Administrative Agent
# A Novel Knowledge Base Question Answering Model Based on Knowledge Representation and Recur.
# Generating Concept based AP| Element Comparison Using a Knowledge Graph

RSVQA: Visual Question Answering for Remote Sensing Data
& Answer Graph-based Interactive Attention Network for Question Answering over Knowledge Base
# Improving fine-tuned question answering models for electronic health records
# Machine learning based Descriptive Statistical Analysis on Google Play Store Mobile Applications

Figure 3. Zotero Folder View.

During this activity the following steps are performed:

2.5.1. Inclusion/Exclusion Criteria:

Kayesh et al
Kenghagho Kenfack et al
Keya et al

Lelis et al.

Liu et al.

Livetal

Lobry et al.

Ma et al.

Mairittha et al.

Prakash Reddy and Nallabolu

The following inclusion/exclusion criterion is defined for this survey.

Only those articles are downloaded those must have keywords of a string

Articles published before 2020 are not considered

The articles for which only citation is available are not considered.

2.5.2. Field Selection:

The number of articles retrieved by a search clause depends on fields selected in a database.

Following options are available for field selection.

All fields: You can use your search terms in any field. There will certainly be a large number of

outcomes from this.

Title/abstract: If the title and abstract contain search terms, the item is probably very relevant. It

emphasizes the titles and abstracts with strong, descriptive writing.

Keyword: Searches for what you entered in the list of terms that the author has provided.

In this research all field option is selected so that any relevant paper does not get missed. The

following Table 4 shows the details of searching which was performed in this research. So far we

have downloaded 798 articles in folder 2023 and 119 articles in folder 2022.

Table 4. Searching Details.

Year

Database

Available

Pages
g Articles

Explored
(per page)

Related
Articles

Total
415)

2022

2021

2022

IEEEXplore
ACM
IEEEXplore
ACM
IEEEXplore
ACM

20
30
20
30
20
30

LW W LW W W W

37
65
48
101
57
82

102

149

142
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02
20

20 22

30

IEEEXplore 3
ACM 3

2023

2.6. Filtering:

Filtering in research involves carefully reviewing potential sources of information to identify
and exclude irrelevant or low-quality studies or data. This helps researchers focus on high-quality
and relevant information, which improves the accuracy and trustworthiness of their findings. The
detailed filtering process is shown* in figure+4.

DATABASE |
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Figure 4. Different steps of Filtration+ Process+.
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2.6.1. Title Based Filtering:

It is the first stage of filtering which is called -title-based- filtering+ as shown: in Table 5. Title-
based -filtering+ involves selecting studies based on the information provided in their titles. It is a
quick and efficient way to identify potentially relevant studies, but may result in the exclusion of
relevant studies that have different titles or use different terminology.

Table 5. Title Based filtering.

Title Based Filtering

2020
66

2021
102

2022
94

2023
16

Total
278

Year

Relevant Papers

Zotero files were made up of papers, but those that weren’t useful to the topic at present were
eliminated, which is diagrammatically represented in Figure 5.

2 200 2000 = s
Hile Edit View Jooks Help

2000 Doop Text Matching n Med... X
5 @~ 0~ % =~ ¢ A " Brerpt .-e
~ @ My Library Title Creator
Data mining # Knowledge Question-Answering System Based on Knowledge Graph of Traditional Chinese Medicine  Gao and Li >
Research Method Technical Q&A Site Answer Recommendation via Question Boosting Gaoetal
Abstract Based Screening # Towards Chatbot-based Interactive What- and How-Question Answering Systems: the Adobot Appro...  Hien et al

Objective Based Screening
Quality Assesment

# Research and Implementation of Railway Technical Specification Question Answering System Based 0. Hu
Recent Trends in Deep Learning Based Open-Domain Textual Question Answering Systems Huang et al.
# RobotVQA — A Scene-Graph- and Deep-Leamning-based Visual Question Answering System for Robo,

Searching Protocol Kenghagho Kenfack et al

le Based Screening # Bengali Question Answering System Using Seq2Seq Learning Based on General Knowledge Dataset Keya et al. -

2020 # ANovel Knowledge Base Question Answering Model Based on Knowledge Representation and Recur... Liu et al, -

2021 RSVQA: Visual Question Answering for Remote Sensing Data Lobry etal -

2022 # Improving fine-tuned question answering models for electronic health records Mairittha et al. -

2023 # Automated Question-Answer Medical Model based on Deep Leaming Technology Abdallah et al -

My Publications # Preference-driven Control over Incompleteness of Knowledge Graph Query Answers Affeldt etal. -

Duplicate Items # A Question answering System with a sequence to sequence grammatical correction Afrae etal. L]

Unfiled Items # A Xeyword Based Technique to Evaluate Broad Question Answer Script Al Mahmud et al. .

& Trash # Optimization of Answer Set Programs for Consistent Query Answering by Means of First-Order Rewrit... Amezian £l Khalfioui et al -

& Initial Lessons from Building an IVR-based Automated Question-Answering System Bhagat et al -

# Consistent query answering with pricritized active integrity constraints Calautti et al. -

& Opinion-aware Answer Generation for Review-driven Question Answering in E-Commerce Deng et a. -

# Animproved human-in-the-loop model for fine-grained object recognition with batch-based questio... Gutta et al. -

Sctiventaorlty contraints # Data-Driven Never-Ending Leaming Question Answering Systems Hruschia -

Adversarial training. Answer Script # Multi-modal Attentive Graph Pooling Model for Community Question Answer Matching Huetal -

Answer Selection # Incorporating User Feedback in Conversational Question Answering over Heterogeneous Web Sources Kaiser -

answer set proaramming # Answering Questions about Charts and Generating Visual Explanations Kim et al -
# Evaluating Surprise Adequacy for Question Answering Kim and Yoo L2

Figure 5. Title Based Filtering folder in Zotero.
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2.6.2. Abstract Based Filtering:

In the second level of filtering, abstract-based filtering is conducted. Abstract-based filtering is a
screening process that involves selecting studies based on the information provided in their abstracts.
Itis a quick and efficient way to identify potentially relevant studies, but it may result in the exclusion
of relevant studies that do not provide sufficient information in their abstracts. To make sure the
studies fit the inclusion requirements and are related to the study issue, a full-text analysis is required.
All publications whose abstracts are unrelated to the issue are eliminated from all the chosen sources
as shown in Table 6.

Table 6. Abstract Based filtering.

Abstract Based Filtering
Year 2020 2021 2022 2023 Total
Relevant Papers | 11 14 09 04 38

All papers, based on their abstracts, which failed to address the topic were excluded from folders

created in Zotero which is diagrammatically represented in Figure 6.

2 2020 - Zotero - o X
File Edit View Tools Help
2020 Deep Text Matching in Med... X
s @B~ O~ A &~ &~ A ~ Everythin > -e
~ (@ My Library Title Creator
Data mining # A Question answering System with a sequence to sequence grammatical correction Afrae et al. -
~ [ Research Method # Opinion-aware Answer Generation for Review-driven Question Answering in E-Commerce Deng et al =
[ Abstract Based Screening # Knowledge Question-Answering System Based on Knowledge Graph of Traditional Chinese Medicine Gao and Li L
™. 2020 Technical Q8A Site Answer Recommendation via Question Boosting Gao et al 2
2021 # An improved human-in-the-loop model for fine-grained object recognition with batch-based question... Gutta et al -
2022 # Towards Chatbot-based Interactive What- and How-Question Answering Systems: the Adobot Approach Hien et al. -
2023 # A Novel Knowledge Base Question Answering Model Based on Knowledge Representation and Recurre... Liu et al -
Objective Based Screening Dynamic Updating of the Knowledge Base for a Large-Scale Question Answering System Liu et al. =
Quality Assesment & Towards Incomplete SPARQL Query in RDF Question Answering - A Semantic Completion Approach Pang et al. =
Searching Protocol # Stepwise Reasoning for Multi-Relation Question Answering over Knowledge Graph with Weak Supervis... Qiu et al L
Title Based Screening # Knowledge Enhanced Latent Relevance Mining for Question Answering Wang et al. =
My Publications # Question Answering System based on Diease Knowledge Base Wang and Wang 2
Duplicate Items # PERQ: Predicting, Explaining, and Rectifying Failed Questions in KB-QA Systems Wu et al.
Unfiled Items # Model Compression with Two-stage Multi-teacher Knowledge Distillation for Web Question Answering... Yang et al. 2 4
& Trash # Complex Factoid Question Answering with a Free-Text Knowledge Graph Zhao et al. =

Answer Selection

automatic learning

batch-based question answering
Benchmark testing Business b2

Figure 6. Abstract Based Filtering folder in Zotero.

2.6.3. Quality Assessment:

In this filtering process I have perform one more filtering process which is quality assessment in
which I am determining that how much research articles are related e.g. Closely Relevant, partially
relevant or not relevant as shown in Table 7. This step is done while doing abstract based filtering.

Table 7. Quality Assessment.

Quality Assessment

Relevancy | Closely Relevant Partially Relevant Not Relevant
Papers 38 77 146

The folder created in Zotero which is diagrammatically represented in Figure 7 contains all the
papers that are closely related, partially related or not related.

Distributed under a Creative Com CC BY license.
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# Gentle Teaching Assistant Model For Improved Accuracy In Question-Answering Caoetal

# Cross-domain Knowledge Distillation for Retrieval-based Question Answering Systems Chen etal
Efficient SPARQL Queries Generator for Question Answering Systems Chen etal

# Opinion-aware Answer Generation for Review-driven Question Answering in E-Commerce Deng et al.

& Knowledge Question-Answering System Based on Knowledge Graph of Traditional Chinese Medicine  Gao and Li
Technical Q8A Site Answer Recommendation via Question Boosting Gaoetal.

# An improved human-in-the-loop model for fine-grained object recognition with batch-based questio... Gutta et al.

# Towards Chatbot-based Interactive What- and How-Question Answering Systems: the Adobot Appro...  Hien et al

# Context-Aware Deep Leaming Approach for Answering Questions Jain et al

# Research on the method of knowledge base question answering Jinand Wang

# Context-Aware Question-Answer for Interactive Media Experiences Jorgensen et al
Toward Zero-Shot and Zero-Resource Multiingual Question Answering Kuo and Chen

# CypherQA: Question-answering method based on Attribute Knowledge Graph Lietal

# ANovel Knowledge Base Question Answering Model Based on Knowledge Representation and Recur... Liu et al
MGRC: An End-to-End Multigranularity Reading Comprehension Model for Question Answering Liuetal
Dynamic Updating of the Knowledge Base for a Large-Scale Question Answering System Livetal

# QATest: A Uniform Fuzzing Framework for Question Answering Systems. Liuetal.

# Deep learning based Answering Questions using TS and Structured Question Generation System’ Malhar et al.

# Enhancing Query Answer Completeness with Query Expansion based on Synonym Predicates Niazmand

# Towards Incomplete SPARQL Query in RDF Question Answering - A Semantic Completion Approach  Pang et al

# A Factoid based Question Answering System based on Dependency Analysis and Wikidata Ploumis et a.

Figure 7. Quality Assessment folder in Zotero.

2.6.4. Objective Based Filtering:

9 of 38

Objective-based filtering in a systematic literature review is a method of selecting studies based

on predetermined criteria that are directly related to the research question or objective. This assists

in ensuring that only high-quality and related papers are reviewed, lowering the possibility of bias

and ensuring that the findings are trustworthy and related to the research issue. The categories of

objectives were as shown in Table 8.

Table 8. Notation Table of terms.

Notation

Abbreviation

Notation

Abbreviation

A
cp
CcT

Accuracy
Completeness
Computation Time
Cost

Effectiveness EFT
Efficiency E

Improved Results IR

Performance P
Quality Q
Readability
Comprehend RCC
Context
Relevancy
Scalability sC

Speed S

Objective-based filtering conducted in Zotero is diagrammatically represented in Figure 8.

2 Accuracy - Zotero - o
fle Edt View Jools Help
Accuracy Context-Aware Deep Leami.. X | Knowledge Enhanced Laten_. X
o BB~ O~ A R~ £~ A ~E »>-e
~ @ My Library A Title Creator
Data mining P for in Community Q g Websites Annamoradnejad -
¥ = Research Method # IiLFQA: A Platform for Efficient and Accurate Long-Form Question Answering Butler et al. *
Abstract Based Screening # Cross-domain Knowledge Distillation for Retrieval-based Question Answering Systems Chen et al. =
~ L Objective Based Filtering # Knovdedge Question-Answering System Based on Knowledge Graph of Traditional Chinese Medicine  Gao and Li .
Accuracy # An improved human-in-the-loop model for fine-grained object recognition with batch-based question... Gutta et al =
Completeness # Context-Aware Deep Learning Approach for Answering Questions. Jain et al -
Computation Time # Research on the method of knowledge base question answering Jin and Wang .
Cost # Question Answering Model Based Conversational Chatbot using BERT Model and Google Dialogflow Kanodia et al, -
Effectiveness # AKnowledge-based Question-Answering Method for Military Critical Information Under Limited Corpus  Liu et al. -
Efficency MGRC: An End-to-End Multigranularity Reading Comprehension Model for Question Answering Liu et al. -4
Improve Results Dynamic Updating of the Knowledge Base for a Large-Scale Question Answering System Liv etal, 2
Performance # Deep leaming based Answering Questions using TS and Structured Question Generation System’ Malhar et al. -
Quality # Research on Short Text Similarity Calculation Method for Power Intelligent Question Answering Meng et al. -
Readable & Compre. # An Intelligent Question Answering System based on Power Knowledge Graph Tang et al, - q
Relevancy # Text-Enhanced Question Answering over Knowledge Graph Tian et al. -
Scalibility # PERQ: Predicting, Explaining, and Rectifying Failed Questions in KB-QA Systems Wu et al <
Speed

Quality Assesment
Searching Protocol
Title Based Screening
My Publications
Duplicate Items
Unfiled Items
& Trash v
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Figure 8. Objective Based filtering folder in Zotero.

Table 9 illustrates this objective-based screening by listing and grouping the objectives of the
research articles.

Table 9. Objective Based Filtering.

OBJECTIVES

REF. PAPERS TITLE c C EF RC S
A C E P Q R S
P T T R C C

~

A"Question”answering”System wit
h"a"sequence”
to"sequence’grammatical’correctio
n'[1]

Opinion-
aware”Answer’Generation’for'Revi
ew-driven Question”Answering’in
E-Commerce’[2]

Knowledge Question-
Answering’System Based
on’Knowledge Graph”of Traditiona
I"Chinese Medicine’[3]
Technical’Q8A’Site”Answer’Recom
mendation via’Question - - - - - A - - -
Boosting'[4]
An"improved " human-in-the-
loop"model for fine-

grained’object recognition with bat
ch-based question”answering [5]

A Novel’Knowledge Base
Question”Answering

Model"Based on"Knowledge’Repres
entation
and’Recurrent”Convolutional ’Neur
al Network'[6]
Dynamic"Updating”of the
Knowledge Base for a Large-
Scale”Question
Answering’System’[7]
Stepwise’Reasoning for'Multi-
Relation” Question”Answering

over'’Knowledge-Graph

with"Weak"Supervision [8]
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KnowledgeaEnhancedaLatentaRele
vance Miningafor - - - - - - - - - - oo -
QuestionaAnswering [9]
QuestionaAnsweringaSystem
based on Disease KnowledgeaBase | - - - -V - - - - - - - -
[10]
PERQ:aPredicting,aExplaining,
and Rectifying aFailedaQuestions | v - - - - - - - - - - - -
inaKB-QAaSystems [11]
ModelaCompressionawithaTwo-
stage Multi-teacher
KnowledgeaDistillationafor Web
QuestionaAnswering System [12]
A Scheme foraEfficient
QuestionaAnswering
withalLowaDimensionaReconstruc
ted Embedding’sa [13]

Cross-
domainaKnowledgeaDistillation
foraRetrieval-based
QuestionaAnswering Systems [14]
Context-AwareaDeep
LearningaApproach for v - - - - - - - - Y-
AnsweringaQuestions [15]
Research on theamethod of
knowledgeabase v - - - - - - - - - - - -
questionaanswering [16]
Context-AwareaQuestion-
Answerafor Interactive Media - S - Voo Vo - - -
Experiencea [17]
QuestionaAnsweringaModelaBase
d Conversational Chatbotausing
BERTaModel and
GoogleaDialogflow [18]
AaKnowledge-basedaQuestion-
Answering
MethodaforaMilitaryaCritical v - - - - Voo - - - - - -
Informationallnder

LimitedaCorpus [19]

MGRC:aAnaEnd-to-
EndaMultigranularity
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ReadingaComprehension Model
foraQuestion Answering [20]
Research andaApplication
ofalntelligent Question-Answer
AlgorithmaBased onaMulti-
ChannelaDilated Convolution [21]
Research onaShort TextaSimilarity
Calculation
MethodaforaPoweralntelligentaQu
estion Answering [22]

A Factoidabased
QuestionaAnsweringaSystem
basedaonaDependencyaAnalysisaa
nd Wikidata [23]

An
IntelligentaQuestionaAnsweringaS
ystem based on
PoweraKnowledgeaGrapha [24]

A BERT-
BasedaSemanticaMatchingaRanke
r for Open-Domain
QuestionaAnswering [25]
AaMulti-Level SemanticaFusion
Algorithm Basedaon
HistoricalaData inaQuestion
Answering [26]
RequirementsaforaAutomatingaM
oderation in
CommunityaQuestion-
AnsweringaWebsites [27]
iLFQA:aAaPlatformafor
Efficientaanda

Accurate Long-
FormaQuestionaAnswering [28]
TowardaZero-ShotaandaZero-
Resource Multilingual - - - - - S - - -
QuestionaAnswering [29]
CypherQA:aQuestion-
answeringamethod based on - - - - - - - V- - - - -
AttributeaKnowledgeaGraph [30]
Deep learningabased

AnsweringaQuestions
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usingaT5aandaStructuredaQuestio
n GenerationaSystem [31]
EnhancingaQuery
AnsweraCompleteness with
QueryaExpansionabasedaonaSyno
nym Predicates [32]

Text-
EnhancedaQuestionaAnsweringao | v oo - - - - - - - - - -
ver KnowledgeaGraph [33]
A LegalaQuestion
AnsweringaSystemaBased on - - - - - - - V- - - - -
BERT&#xa0;[34]
GentleaTeachingaAssistantaModel
aFor
ImprovedaAccuracyalnaQuestion-
Answeringa [35]

Efficient SPARQLaQueries
Generatorafor - - - vo- - - V- - - - -
QuestionaAnsweringaSystems [36]
QATest: A UniformaFuzzing
Frameworkafor - - - - - Vi - - - - - -
QuestionaAnswering Systems [37]
Memory-
AwareaAttentiveaControlafor
CommunityaQuestionaAnsweringa | - - - - - - - V- - - - -
With Knowledge-Based
DualaRefinementa [38]

2.6.5. Technique-Based Filtering:

Technique-based filtering is a way to select research studies based on the methods or techniques
used in the research. For example, if a research question requires a specific type of survey or statistical
analysis, technique-based filtering can help to identify relevant studies. The categories of techniques
were as shown in Table 10.

Table 10. Notation Table of Techniques terms.

Notation Abbreviation  Notation Abbreviation
Attention Mechanism AM Knowledge Graph KG

Attribute Graph Base Approach ~ AG Machine Learning Approach ML

BERT model BERT Metamorphic Testing Theory MT

Deep Learning Approach DL Natural Processing Languages NLP
Fine-Tuning FT Neural Network Approach NN

Google Dialog-Flow GD Recurrent Neural Network RNN

Human Feedback HF Semantic Analysis Approach SA
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Information Retrieval Techniques IR Sequence-to-Sequence Seq2Seq
Knowledge Base KB Template Based Approach TB
Knowledge Distillation KD Transfer Learning TL

Technique-based filtering conducted in Zotero is diagrammatically represented in Figure 9.

2 Knowlege Graph - Zatero — a ®
Elle Edit Yiew Toolks Help
s @ Q- A R~ £ - Everything @
uanty maseaiEn
~ Title Creator

Searching Protocol
# Knowledge Question-Answering System Based on Knowledge Graph of Traditional Chinese .. Gao and Li

# A Knowledge-based Question-Answering Method for Military Critical Information Under Li...  Liuetal.

“ 3 Technique Based Filteration
Attention Mechanism
Attribute Graph Based Approach
BERT model
Deep Leaming Approach
Fine Tuning
Google DialogFlow
-~ Human Feedbatk
Information Retrieval Techniques

# Enhancing Query Answer Completeness with Query Expansion based on Synonym Predicates  Niazmand

# AFactoid based Question Answering System based on Dependency Analysis and Wikidata  Ploumis et al
# Stepwise Reasening for Multi-Relation Question Answering over Knowledge Graph with We... Qiu et al

# Text-Enhanced Question Answering over Knowledge Graph Tian et al.

# Knowledge Enhanced Latent Relevance Mining for Question Answering Wang etal

LR I I A B R

Knowledge Based
Knowledge Distillation
2 Machine Learning Approach
Metamorphic Testing Theory
Natural Language Processing
Neural Network Based Approach
RINNs
Semantic Analysis Appraoch
Seq2Seq
Template Based Approach
Transfer Learning
Title Based Screening
My Publications
Duplicate Items
Unfiled Items . 4

Figure 9. Technique Based filtering folder in Zotero.

Table 10. illustrates this technique-based screening by identifying and grouping the research publications’

techniques into clusters.

Table 10. Technique Based Filtering.

TECHNIQUES
A A BER D F G H I K K K M M NL N RN S§ S T T
M G T L T D F R B D G L T P N N A S B L

mlv - - Voo oo oo R
21 ]- - - e
Bl- - - - - - - - - . v .. ... L
4 |- - - e
61 ]- - - e
e l- - - 2 N

ml- - - - - - - - Y. ...

|l - - - - - - - - . Y. .. ...
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[13

[14
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[34

[35

[36

[37

[38

3. Datasets

Datasets are repositories of organized information used for a variety of tasks, such as preparing
question-and-answer training programs. Datasets like these are frequently used in question-
answering algorithms:

o  The Stanford Question Answering Dataset (SQuAD) is a database of questions and responses
derived from Wikipedia articles.

e MS MARCO (Microsoft MAchine Reading COmprehension): Contains sections from web
documents and genuine user inquiries from Bing search.

e CoQA (Conversational Question Answering): Focusing on conversational question-answering
utilizing short tales.

e QuAC (Question Answering in Context) is a tool for thinking through several phrases while
answering questions in conversation.

e TriviaQA: Presents complex questions from various groups to test question-answering
algorithms.

e Natural Questions: Queries generated from actual user inquiries from the internet with
responses given in sections from Wikipedia.

o  WikiQA: WikiQA is a dataset that emphasizes the choice of answer sentences. It includes
questions derived from web searches and offers a list of potential answers for each query, leaving
it up to models to choose the most pertinent one.

These datasets offer tools that allow scholars and researchers for developing and evaluating

question-answering systems in certain situations since they span a variety of topics and question
kinds.

4. Detailed Literature:

A comprehensive and systematic strategy to finding and synthesizing all pertinent papers on a
certain topic is part of a detailed literature review in a SLR. The major purpose is to present an in-
depth overview of the available data on the research topic or target. It takes a high degree of technique
as well as focus in order to conduct an extensive literature evaluation as part of a systematic review.
The following is a detailed description of all the research that has been done on the topic.

“Deep learning” is the method used in [1], especially a collection of deep learning models for
natural language retrieval and synthesis that include recurrent neural networks, sequence-to-
sequence models, and attention mechanisms. For a website that sells goods electronically, the models
are used to create an answering queries chat-bot that assists users with goods research as well as

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202312.1739.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 November 2025 d0i:10.20944/preprints202312.1739.v2

17 of 38

inquiries. By feeding the outcomes of this initial model into the follow-up one, a linguistic correction
mechanism is also put into place, which increases the accuracy of the entire system.

A “multi-view pointer-generator network” describes the method that is used [2] to generate
answers that are knowledgeable to the opinions of users. It comprises utilizing a single model to
concurrently train response production and opinion extraction tasks, distilling and collecting key
opinion data via two different opinion merging algorithms, and producing opinion-aware replies
through a multi-view pointer-generator network.

“Knowledge graph-based question-answering system” is the methodology employed in [3]. The
knowledge graph is used by the system in order to provide responses to user inquiries. It pulls
triplicates of TCM information from records, saves them in a Neo4j graph database, then utilizes the
graph as a storage location for the triplets. In addition, the system uses natural language processing
methods including object recognition, TF-IDF, and word vector matching to comprehend queries
from users and correlate it to the most suited question-answering patterns. In accordance with the
semantics of the patterns and the objects included in the queries, the answers are then looked for in
the knowledge graph and given back to the user.

A “neural network-based approach” was utilized in [4], notably the DeepAns model, which has
three stages: question boosting, labelling creation, and response suggestion. The most suitable
response may be determined and suggested to the user by using the neural network to generate
matching scores among the query and the response options.

Regarding fine-grained identification of objects, the [5] technique is described as a “batch-based
local question answering method” that combines model responses from humans. It is not mentioned
which specific method has been employed, but it incorporates a combination of human-computer
recognizing approach via sole question response with a person in the looping process, as well as the
plug-in of computer vision algorithms when photographs are provided. To increase the accuracy of
recognition, it therefore probably uses a mix of machine learning and human input.

To create a KB-QA framework, the method described in [6] combines “knowledge
representation and recurrent neural network (RNN)”. The model is composed of three sections: the
production of potential replies, the mining of object connections, and the acquisition of knowledge’s
representation from a knowledge base. Furthermore, a formula is created to calculate the rankings of
applicant replies that relate to the knowledge base. The model uses deep learning approaches for
extracting features and representational learning in order to increase the accuracy of the responses
through the use of knowledge base structural data.

The approach implemented in [7] is referred to be a “vector modelling technique to facilitate
automatic learning of KB-QA systems,” and it tackles the problems with scaling and knowledge base
update. The suggested ALKB-QA system offers fundamental patterns and periodically updates the
KBs, increasing accuracy. It was initially introduced as a practical commercial application and
outperformed methods based on manual annotation.

A “neural method based on reinforcement learning called Stepwise Reasoning Network” is the
mechanism employed in [8]. It establishes multi-relation query answering as an example of
progressive choice issue, conducts efficient pathway exploration across the knowledge graph, and
takes advantage of the attention mechanism and neural networks to improve the distinctive influence
of various portions of a specific query over triple choice. To tackle the postponed and insufficient give
issue brought on by inadequate supervision, the approach also suggests a potential-based reward
shaping technique. The results of the trials demonstrate that the suggested approach outperformed
the cutting-edge methods.

In order to incorporate ordinary knowledge from external knowledge graphs (KGs) into an
appropriate selector for response decision-making, the study [9] presents an approach referred to as
“knowledge-aware context-based attention mechanism.” For the purpose of capturing additional
interacting aspects between queries and responses, the approach employs a “compare-aggregate”
architecture. It is a neural technique that improves choice of responses by employing external
knowledge graphs and attention processes.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202312.1739.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 November 2025 d0i:10.20944/preprints202312.1739.v2

18 of 38

A couple of methods are employed in the research study [10]: “Crawler technology” to crawl
related disease queries and organized disease knowledge bases on disease query and response sites
and disease websites; recommending a “joint model” for recognizing both entities and characteristics
in the question being asked, accordingly, and utilizing a “joint model” to determine the groups and
characteristics in the question itself.

To enhance the accuracy of a knowledge-based question answering system, the research [11]
presents an approach called PERQ, which consists of three steps: prediction, explanation, and
correction. The research presents a broad framework for enhancing KB-QA accuracy rather than a
specific approach employed inside each phase. The paper’s proposed PERQ framework consists of
three steps: The first prediction forecasts whether a particular question can be successfully answered
by a KB-QA system. The second step is Explanation, which analyses the causes behind the KB-QA
system’s failure to answer the question, and the last step is Rectification, which corrects the answer
using the prediction and explanation findings. The paper suggests and evaluates tools for completing
these three phases.

The “Two-stage Multi-teacher Knowledge Distillation method for web Question Answering” is
presented in the paper [12] and includes preliminary training the learner’s model via a general Q&A
distillation task and fine-tuning with multi-teacher knowledge distillation on downstream tasks. The
technique intends to minimize over fitting and transfer more general information to the learner’s
model.

Dimensionality reduction for embedding representations using an autoencoder is the method
utilized in [13]. By using an autoencoder for acquiring low-dimensional features of input
embeddings, the substantial computational expenses and resource demands associated with
embedding-based approaches for question answering are intended to be reduced. The linguistic
match that exists between the supplied response and the natural language inquiry is then determined
using the reduced dimension embeddings. This technique can reach performance that is equivalent
to that of standard baselines despite being longer-lasting and memory efficient, according to testing
and analyses on the insuaranceQA benchmark.

The method in [14] is a “combination of transfer learning and knowledge distillation”, which
utilizes a teacher-student paradigm for cross-domain transfer learning in Question Answering (QA)
systems, with the goal of leveraging knowledge from different fields and the “dark knowledge” from
the vast teacher model to enhance the student model’s performance within the domain of interest.

The “deep learning” method employed in [15] was created expressly for the purpose of creating
a question-answering system which is capable of comprehending and reading documents written in
natural language. With no previous knowledge of linguistic structure, the framework transforms
words and paragraphs into an internal representation to produce precise responses to queries that
are presented in natural language. The system’s capacity to respond to hypothetical queries is
assessed using sizable datasets for training and testing.

The methods employed in the research [16] are “template-based approach, semantic analysis
approach, and deep learning approach”. This research additionally offers an in-depth evaluation of
these three algorithms and recommends further directions for deep learning models, built-in traits of
language, and the fundamental idea of integrating questions and answers when creating query
sentences.

A “light-weight context-aware QA framework called Context-QA” is the method utilized in the
study [17]. It features a ground-breaking algorithm called the Staged QA Controller that aims to
confine the hunt for solutions within the parameters that are most closely related to the inquiry. In
comparison to traditional QA approaches, the system is made to offer QA experiences on multimedia
material, enhance the level of quality of the responses by up to 49%, and consume up to 56% less
time. Ninety percent of those who took part in the subjective assessments used to evaluate the
strategy said they enjoyed using this new media format.
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The method used in research [18] is a “Question Answering Model (QAM)” that was created
using the BERT model and Google Dialogflow to imitate human-like relationships in a virtual
assistant for comprehension activities..

A “knowledge-based question-answering (QA) technique for handling militarily critical
information” is the approach employed in [19]. The procedure entails creating a collection of military
crucial data questions, classifying the queries in accordance with the question categories using a
standard matching approach centered on the naive Bayes classification algorithm, followed by
accessing the crucial data knowledge graph to attain quality assurance. The approach employs
methods including semantic information mining, match between templates, and knowledge graph
queries to accomplish adaptive quality assurance for military-critical materials within the situation
of restricted reservoir.

“An end-to-end multigranularity reading comprehension model for extractive question
answering” is the phrase used to characterize the method stated in [20]. In a single scheme, this
approach explicitly demonstrates three comparing granularities: paragraph identification, sentence
preference, and response generation. By combining characteristics into a single framework, this
method enhances the acquisition of depictions of various matching granularities. This model benefits
from the fact that it reduces the issue of propagation of mistakes in the initial training and
interpretation processes and beats both vanilla BERT models and current multistage matching
techniques in a thorough comparison on four massive datasets. To confirm the efficiency of the
suggested elements in the constructed structure, a procedure called ablation research is additionally
carried out.

“A text matching model based on multi-channel dilated inversion” is the method employed in
[21]. The approach is employed by electricity service providers to compare fresh user inquiries to
previous conversation data. The system can instantly resolve user issues because to the model’s
ability to capture text data at various scales to assess sentence similarity based on deeper semantic
elements. Testing of the suggested model revealed good performance.

The method utilized in [22] is “a question-answering system based on a knowledge base” in the
discipline of electricity, which employs a model for algorithms of cosine similarity mixed with TF-
IDF to successfully match phrase similarity and segment vocabulary. It has been evaluated and
shown to reach an accuracy of 75.8%, which is much higher than previous models. This approach can
help save labor expenses and help energy staff members to resolve issues they meet while at work.

“An efficient methodology for automated question answering using knowledge bases” is the
term utilized in [23]. In order to get the response provided by the Wikidata Query Service API, the
platform analyses the inquiry, identifies connections, builds major triplets, and then prepares a
SPARQL query. In addressing queries using open-domain factoids, the technique performs
admirably.

“A domain knowledge graph with graph database and computing technologies for an IQA
system” is the method utilized in [24] in the electric power industry. It creates graph data question
phrases, conducts accurate information search and evaluation for clear visualization, and utilizes
NLP to find purpose and restrictions. The technique provides multi-hop knowledge correlation
reasoning analysis at rapid rate.

“A BERT-based semantic similarity ranker” is the method implemented in the study [25] to
determine the semantic similarity within a sentence and a query for open-domain query answering.
Examining three distinct representation aggregated methods, research on two open datasets reveal
considerable gains in rankings and QA performance.

The method utilized in the research [26] is “a multi-level semantic fusion neural network model”
that integrates deep learning and natural language comprehension to enhance conceptual
comprehension in question answering. On the SQUAD dataset, the framework employs attentions
and cross-layer fusions to enhance results. With regard to precise match rate and F1 value, the
suggested approach operates better than conventional models.
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The research [27] suggests “a machine-learning approach to automate content quality detection
in community Q&A websites”, tackling the difficulties of sustaining standards in a setting of high
user and contribution quantities. With a focus on context-related aspects and transfer learning for
adaptability to changing material, the suggested approach contains modules for extraction of
features, enhancement of features, and classification model training. The approach places emphasis
on the requirement for concise and convincing justifications for regulation choices.

The method described in the study [28] uses a framework called “a machine learning-based long-
form question-answering (iLFQA)” which allows the utilization of components for textual retrieval,
textual synthesis, and zero-shot classification to provide replies to unstructured queries depending
on an open-domain knowledge repository.

Leveraging fine-tuned multilingual bidirectional encoder representations via transformers
(mBERT), the research [29] provides “a framework for zero-shot multilingual question answering in
low-resource domains”. The model employs information obtained from high-resource languages to
enhance low-resource languages’ functionality with zero-shot and zero-resource overhead. The
suggested method executes better than a number of standard methods that call for millions of
unprocessed data points for low-resource languages.

According to the study [30], “a knowledge-based query answering method that utilizes an
attribute graph and a two-layer network with structured attention mechanism to optimize object
boundaries recognition” is proposed. In order to identify associations and objects, it pulls references
from the text, converts them into a slot-filling Cypher phrase, and uses this phrase for querying the
response. The suggested method performs admirably when resolving complicated queries with
murky object boundaries and challenging path prediction.

In accordance with the study [31], “a customized query generator methodology that involves
fine-tuning a transformer and concentrating on both multiple-choice and long answer varieties”
should be used. The evaluating model locates pertinent query-answer configurations, while the
generator version creates queries from chosen words and develops semantically driven interruptions
for MCQ answers.

“A method that improves question answering over inadequate community-based knowledge
graphs” is what the study [32] suggests. It proposes a method to handle queries effectively in order
to assess how comprehensive the answers are and improve the output. With embeddings created on
a knowledge graph to identify synonym predicates, the methodology suggests a unique question
extension technique. The strategy enhances question response comprehensiveness, according to the
initial research, although additional work is needed for query expansion to maximize response
completion.

In order to improve the visualization of knowledge, the study [33] suggests “a textual-enhanced
query answering strategy over knowledge graph” that makes use of detailed contextual data in a text
corpora. The framework employs a Transformer Encoder network to collect input interpretations and
an attention mechanism to interactively merge internal as well as external data. This strategy exceeds
similar cutting-edge QA techniques when it comes to of accuracy, according to findings from
experiments on the WebQuestions dataset.

The study [34] suggests utilizing the Milvus vector query engine and BERT-based problematic
vector format “a strategy to enhance cognitive query-answering systems” in certain applications.
When the threshold level is set at 0.2, the recommended approach has a rate of retrieval of 86% and
a discrepancy rate of 84%.

In the article [35], a method known as “an efficient knowledge distillation approach” was
applied. To make it more precise, an individual’s model is taught more effectively and with fewer
constraints by using a more advanced version as “an instructor assistant”.

In order to lower the request cost of creating SPARQL for query-answering systems, the study
[36] presents “a low-cost SPARQL generator named Light-QAWizard” that incorporates multi-label
categorization into a network of recurrent neural networks. All of these alternatives are outperformed
by Light-QAWizard, which also has a request cost that is almost half that of QAWizard.
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According to the study [37], “a fuzzing framework called QATest based on metamorphic testing
theory which produces tests using arbitrary data autonomously for various QA systems” is proposed.
The generating procedure is directed by N-Gram coverage and perplexity priority. The model is
tested against four QA systems, and the findings demonstrate that it effectively identifies numerous
incorrect QA system behaviors.

According to the study [38], “ internally knowledge-based end-to-end model for open-domain
query answering” that takes interpretation and context into account using responsive storage
networks and persistent memory. Comparing how it performs to cutting-edge methods, it is fiercely
competitive.

5. Critical Analysis:

In research, critical analysis entails analyzing a study’s methods, results, and prospects for
advancement. It is beneficial to note advantages and disadvantages, rate the quality of the testimony,
and take moral considerations into account. To improve the breadth and fineness of the conversation,
I'will conduct a critical review of the foundational methods described in Table 10 in this part.

A significant feature of query-answering systems nowadays is attention mechanism. These
strategies enable the technology to concentrate on particular portions of the incoming data deemed
crucial to answering the query. The attention mechanism is applicable to several fields, notably
computer vision and natural language processing. The attention mechanism often pays attention to
terms that are close to the right response, exist in the inquiry, and have the greatest pertinent to the
situation [39]. The resemblance score function, which determines the attention assessment of
similarity among two textual parts, is a crucial component of the attention mechanism [40]. Systems
for answering questions have found application for the attention mechanism. There are several
restrictions on this approach, too. The typical drawbacks of attention mechanisms in query-
answering systems encompass computational aspects and memory demands that are exponential to
the total number of words of the input sequence [41], the attention mechanism simply examining the
encoded query matrix along with one candidate answer word embedded therein at a time, which
might not be adequate for capturing the entirety of the context of the query and answer [42], and the
attention mechanism might not operate effectively whenever the input data is noisy or consists of
irrelevancies [39]. A further limitation is the reality that the attention mechanism only takes into
account how the question will affect the response and overlooks how the answer will affect the query
[43]. Moreover, for complicated inquiries, shallow attention processes may not be able to choose the
pertinent information from the simultaneous representation of the question and image [42].
Considering these drawbacks, attention mechanisms are nevertheless an effective tool for question-
answering systems and have been effectively used in a number of disciplines [44].

A graph-based technique utilized in question-answering systems is called the Attribute Graph
Base technique. With this method, a graph of objects and their characteristics is created, with the
points denoting the entities in question and the edges denoting their features. The method then
employs this graph to provide answers to queries by navigating it and looking for the required
response depending on the query entities [45]. This method has the drawback of requiring a lot of
data to build the graph, which can be time-consuming and costly computationally [46]. The method
may not perform well when the input data is noisy or contains unnecessary information [47] , which
is still another restriction. Furthermore, because the network might grow too big to be processed
effectively, the method might not scale to enormous datasets [48]. Although it has these drawbacks,
the Attribute Graph Base Approach is nonetheless a valuable tool for question-answering systems
and has been effectively used in a number of disciplines. [49].

In 2018 [50], Google Al Language created the BERT (Bidirectional Encoder Representations from
Transformers) machine learning model for understanding natural language. It is a very sophisticated
language framework that may be applied to a variety of NLP tasks, include answering questions [50].
A number of applications, including COVID-19-related inquiries [51], online commerce [52], and
healthcare [53], have deployed BERT-based question-answering models. In a number of NLP tasks,
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BERT has demonstrated state-of-the-art performance [50]. Nevertheless, the quality and amount of
data used for training together with the particular domain of the questions being asked determine
how effectively BERT performs in question answering systems [52,53].

The capacity of deep learning algorithms to represent complicated issues has led to their
widespread utilization in query answering systems. In two distinct streams of data extraction
technique and end-to-end neural network-based approaches, deep learning techniques have
demonstrated state-of-the-art performance in answering straightforward problems [54]. Modern
designs of MQA have been studied, and deep learning techniques were additionally utilized in these
systems [55]. Nevertheless, the quality and amount of the training data, the predictive architecture
used, and the optimization of the model parameters all affect how well deep learning algorithms
perform in question-answering systems [56,57]. Although deep learning techniques have
demonstrated significant promise in question-answering algorithms, they additionally come with
major drawbacks. The need for a lot of labelled data to train the algorithms is one of the primary
restrictions. This can be difficult in fields where getting annotated data is difficult or expensive [58].
A further drawback is the inability of deep learning models to be interpreted, resulting in it
challenging to comprehend how a model generates its results. This might be a concern in operations
where transparency and responsibility are crucial, such the legal or medical fields [57]. Models based
on deep learning are also typically computationally costly and demand powerful hardware for
deployment, which can be a hurdle to adoption in situations with limited resources [59]. Ultimately,
overfitting is a risk factor for deep learning models, that can result in subpar generalization
performance on new data [57]. While using deep learning models in applications that are practical, it
is crucial to thoroughly assess the effectiveness of these models in question-answering systems while
taking into account their limits.

Deep learning often uses fine-tuning in QA systems to achieve great generalization outcomes on
subsequent tasks with comparatively minimal training data [60]. It is common practice in NLP to
fine-tune a transformer model for query answering, which may end up in a high-performing QA
model [61]. It enables the knowledge transfer from already-trained models to particular tasks, which
can enhance the functionality of the QA system [61]. By changing the model’s weights to more
accurately suit the particular job, fine-tuning can also aid in enhancing the system’s accuracy [62]. By
changing the model’s weights to better suit the particular job, fine-tuning can also aid in enhancing
the system’s accuracy [63]. A further drawback is that only small modifications to the language
model, primarily to its top layers, may be made during fine-tuning [63]. Furthermore, if the inquiry
contains grammar errors, the machine might not locate a match [63]. Nevertheless, optimizing a
transformer model for QA is a well-liked NLP technique and can result in a high-performing QA
model [61,64]. As a whole, fine-tuning in QA systems offers benefits and drawbacks that must be
taken into account when designing a QA system.

Natural language processing (NLP) is a cognitive Al technology used by Google Dialogflow to
build chatbots and voice assistants [65,66]. The developers are now able to build robots capable of
decipher requests from users, correlate them to intentions, and retrieve objects from them [67]. The
query outcomes do not specifically refer to Dialogflow’s shortcomings in a QA system. It is crucial to
keep in mind, nevertheless, that Dialogflow is a conversational artificial intelligence (AI) system built
on natural language processing (NLP) that can be employed for creating user interfaces that are
conversational for websites, mobile applications, and other business-related topics [68]. Although
Dialogflow is a strong tool for building conversations with agents, it’s crucial to keep in mind the
drawbacks of NLP-based systems, such as the possibility for user questions to be misunderstood and
the requirement for continual upkeep and upgrades to assure correctness.

The use of human feedback in quality assurance systems is crucial. It aids in enhancing the
system’s dependability and fostering user confidence [69,70]. In QA mechanisms, human feedback
has certain constraints. It might be challenging to get adequate input that is of high quality to enhance
the system, which is one of the major challenges [71,72]. Furthermore, human feedback may be
biassed, which might reduce the system’s accuracy [71]. A further constraint on the deployment of
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conversational platforms is the expense involved in gathering and analyzing human feedback [72].
Regarding these drawbacks, some research has looked at integrating collaborative input to raise the
precision and comprehensibility of QA systems [73]. Discrepancies in human feedback have already
been used in other experiments to increase the accuracy of the system [74]. In summary, even if
receiving human feedback might be useful, it’s critical to solve the issues that arise in order to make
sure that the QA processes are reliable and successful.

The use of information retrieval methods is crucial in question-and-answer (QA) systems.
Information retrieval methods used by contemporary quality assurance systems range from
conventional sparse vector keyword matching to deep learning models and neural networks [75].
Among the key approaches for quality assurance is based on IR methods, where the content of a user
inquiry is assessed to derive a pertinent response [76]. Information retrieval methods have some
drawbacks even though they are essential for QA systems. The fact that the performance of QA
models is constrained by the performance of the IR system [77] is one significant restriction. Another
drawback is that particular QA datasets, like SQuAD, might hinder the model’s performance by
giving it access to a small amount of data [77]. Furthermore, for more complicated queries that call
for a better comprehension of the its proper context, conventional sparse vector word matching
methods, like Elasticsearch, might not be adequate [75]. Additionally, even though deep learning
models and neural networks are used by current QA systems for information retrieval, these methods
can be computationally costly and demand a lot of resources [75]. Information retrieval methods are
crucial for QA systems, but they also have inherent limits that must be taken into account while
creating and assessing these systems.

The implementation of knowledge-based strategies is crucial in question-answering (QA)
systems. These methods rely on a machine for inference along with a knowledge base to draw
conclusions from the data stored in the knowledge base [78]. The way that systems based on
knowledge handle difficulties may differ since some systems encode professional expertise as rules,
while others employ a case-based reasoning [78]. To accurately respond to customer inquiries, QA
systems combine natural language processing, information retrieval, logical reasoning, knowledge
representation, and machine learning [79]. Although knowledge-based approaches are a crucial part
of QA systems, they do have significant drawbacks. The absence of techniques for verifying and
validating knowledge-based systems is one of their most important limitations [80]. Protection,
quality assurance, and dependability difficulties may result from this [81]. A further drawback is the
amount of effort and money required for the creation and upkeep of knowledge-based systems [82].
Additionally, despite the fact that knowledge-based systems might be efficient for some sorts of
issues, they might not be appropriate for all topics or domains [83]. Though knowledge-based
procedures are a crucial component of QA systems, it is necessary to keep in mind their limits when
designing and implementing these systems.

The condensation of knowledge from a complicated model into a more straightforward one is
known as knowledge distillation [84]. The less complex model can attain equivalent accuracy to the
bigger model thanks to a training strategy that distributes information from a larger, more
complicated model to a lighter, simpler one For the purpose of to enhance the performance of QA
systems, and knowledge distillation has been deployed. For instance, retrieval-based QA systems’
accuracy has been increased by the distillation of cross-domain knowledge [86]. In a different
research, knowledge was transferred from an ensemble of models to a single model using knowledge
distillation and active learning, which enhanced question-answering performance [87]. Although
knowledge distillation is a useful method for enhancing the functionality of QA systems, there are
several restrictions that should be taken into account when applying this method. One drawback is
that not every models or activities can benefit from knowledge distillation [88]. Furthermore, zero-
shot transfer learning, which aims to conveying information from a particular field to a different one
without any previous training information in the desired field, could prove to be useful for
knowledge distillation [89]. Knowledge distillation could not be successful for all types of data,
especially when the data is noisy or contains errors [84]. This is another drawback. Additionally, not
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all designs can benefit from knowledge distillation, especially those that have become extremely
complicated or specialized [87]. Last but not least, not every applications, especially those requiring
high degrees of precision or accuracy, may benefit from knowledge distillation [86]. As a whole,
knowledge distillation, which involves moving information from more complicated, larger models
to less complicated, smaller ones, is a useful strategy for QA system performance improvement.

The adoption of knowledge graph approaches in question-answering (QA) systems is crucial.
Knowledge graphs offer well-organized relational data between things, that can be useful for
responding to inquiries in plain language [90]. By combining knowledge graphs into variational
reasoning, QA systems’ performance has significantly increased [91]. Systems for autonomously
responding to inquiries about knowledge graphs in natural language (KGQA) are being developed
[92]. Although they do have certain limitations, knowledge graph approaches are a vital part of QA
systems and are crucial for giving correct and trustworthy replies to user inquiries. A potential
drawback is that knowledge graphs might be faulty or insufficient, which could result in mistakes in
the solutions offered by the QA system [92]. It can also be difficult to translate natural language
inquiries into formal query representations that can be utilized to retrieve responses from a
knowledge graph [93]. The simple fact that many queries need multi-hop logic reasoning across the
knowledge network in order to get the solutions is another limitation [91]. Additionally, a lot of user
inquiries might include errors or different pronunciations, which could make it challenging for the
QA system to correlate the given items to the knowledge graph [91].

Systems for answering questions (QA) have been created using machine learning approaches.
The aforementioned systems may be trained to respond to queries with or without context depending
on the situation. Systems for quality assurance (QA) that use deep learning have demonstrated
promising results and can lessen the requirement for manually created heuristic rules [94]. Machine
learning possesses the ability to enhance QA systems’ precision and effectiveness, but it is crucial to
carefully assess their capabilities and limits in each unique situation. Being utilized in question-
answering (QA) systems, machine learning approaches have several drawbacks. The requirement for
substantial training data and processing means is one of the major issues [95]. he caliber of the
training data and the difficulty of the queries can also have an impact on how accurate these systems
are [96]. It’s likewise crucial to keep in mind that machine learning-based QA systems could not be
appropriate for all sorts of questions and might have trouble with inquiries that call for contextual
knowledge or common sense reasoning [97].

A potential method for assessing question-and-answer (QA) systems from the users’ viewpoints
is metamorphic testing. Finding metamorphic linkages and deciding which of them to test are its two
key shortcomings. Finding metamorphic relationships may be difficult, particularly for intricate
systems like QA systems. Furthermore, choosing which metamorphic connections to test might be
challenging because there may be a large number of potential links [98]. A further drawback of
metamorphic testing involves the fact that not all QA systems could possibly be compatible with it,
as certain systems might lack obvious metamorphic relations that can be tested [99]. In conclusion,
although metamorphic testing has the potential to enhance QA systems, it is crucial to carefully assess
its use and limits in each unique situation.

Many question-answering (QA) systems incorporate utilization of Natural Language Processing
(NLP) methods. When answering queries, these systems often take an invasive strategy that consists
of an interpreter and a retriever [100]. QA systems may employ a variety of architectural designs,
although they often use predictive indexing techniques Analyzing natural language subtleties,
particularly necessitates advanced NLP tools, is one of the key issues in QA [102]. In QA systems,
NLP approaches are additionally utilized for expressing knowledge, response display, and social
networking analysis [103]. Natural Language Processing (NLP) approaches have several limitations
in Question Answering (QA) systems. The intricacy of feature design is one of the key drawbacks,
however deep learning techniques can get around this [104]. The accurateness of the system may also
be hampered by the level of detail of the supplied data [105]. For NLP-based QA systems, retaining
contextual throughout duration and comprehending human feelings as well as phrases with diverse
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meanings are equally difficult tasks [105]. The usefulness of NLP approaches, query mapping, and
response inferencing has to be examined [106] since semantic-based QA systems may also
encounter issues. Some applications may be constrained by the query restrictions imposed by closed
domain systems [107]. Overall, while NLP techniques are critical for QA systems, they have some
limitations that need to be addressed for optimal performance.

Although neural network-based approaches have been extensively used in Question Answering
(QA) systems, they do have significant drawbacks. The intricacy of obtaining features is one of the
key drawbacks, however deep learning techniques can get over this [108]. Massive amounts of
labelled data are a further constraint that certain applications may find difficult to meet [109]. Another
obstacle is the challenge of comprehending phrases with numerous interpretations, human emotions,
and context across time [110]. It can be difficult for neural network-based QA systems to manage
unorganized data and keep context over time [110]. Likewise these systems’ productivity is still
beneath what people would anticipate, and unresolved QA systems’ responses are frequently general
and call for additional investigation [110]. Deep learning techniques, such as determining feature
intricacy, are capable of getting around some of these constraints [108]. Although neural network-
based approaches have helped QA systems operate more effectively in general, there are still several
issues that must be resolved for them to operate at their best.

Recurrent Neural Networks (RNNs) have recently been demonstrated to be successful in
Question Answering (QA) systems. Input patterns of varying length may be handled by RNNs,
resulting in such an excellent choice for applications like statistical analysis of time series, speech
recognition, and natural language processing [111]. A quality assurance system answers queries
given by human users in natural language [112]. Nevertheless, long-term dependencies in the order
of inputs might be difficult for RNNs to record, which can lead to the network forgetting critical
information [111]. In QA systems, RNNs have several drawbacks. The fact that RNN functions cannot
be parallelized because of their linear structure, making both training as well as inference sluggish,
is one of RNNs’ constraints in Question Answering (QA) systems [113]. a consequence of the
recurrent hidden vector’s dependency on the prior concealed vector, RNNs experience memory loss
[114]. RNNs face a few drawbacks in QA systems, including delayed inference and training, a lack of
powerful representations, a challenge in preserving dependencies over time, and memory loss.

Semantic analysis is a technique utilized in inquiry Answering (QA) systems to accurately
analyze the user’s inquiry and offer a response. Semantic analysis is used to determine a question’s
interpretation and correlate it with the pertinent facts in the information provided source [115]. The
particular focus of existing Question Answering (QA) systems, flaws in the frameworks that have
been utilized, and the difficult task of accurately labelling the content with the right meaning behind
it represent a few of the limits of semantic analysis in QA systems [116].

A approach called Seq2Seq has been adopted for use in Question Answering (QA) systems in
particular to create effective conversational modelling for sequences [117]. In order to construct
queries based on the context and likely responses discovered, Seq25eq models were used [118]. Since
2014[119], Seq2Seq models have dominated Natural Language Processing (NLP) activities like QA
systems. The question answering assignment specified in the Stanford Question Answering Dataset
(SQuAD) was completed using a sequence-to-sequence attention comprehension of reading model
[120]. Still, a number of the drawbacks of Seq2Seq models in QA systems include the narrow
emphasis of existing QA systems, flaws in the models that are employed, and the challenge of
correctly semantically labelling the text [121].

A template-based method is a mechanism used in Question Answering (QA) systems to create
all feasible queries from a particular set of data utilizing a variety of patterns [122]. Template-based
QA systems retrieve the question’s query format using custom rules [123]. For Conceptual
Knowledge Base Question Answering (C-KBQA) systems, an inherited responsive template-based
strategy has been suggested for responding to complicated inquiries using a semantic template-
matching approach [124]. The benefit of template-based QA solutions is that they are simple to utilize
and comprehend, and they may be employed to respond to factual queries [125]. Yet, a couple of the
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drawbacks of template-based QA systems pertain to the narrow emphasis of present QA systems,
flaws in the models that are employed, and the challenge of resolving complicated queries that call
for inference and reasoning [126].

Transfer learning is a technique used in Question Answering (QA) systems to pass on data
obtained from a single role to another, with the goal of improving the system’s performance [127].
Transfer learning’s application to QA was recently investigated [128]. It has been demonstrated to be
effective for activities like object and voice recognition. Numerous previously trained models were
utilized as the initial teaching emulate in one research, and their experience was then transmitted to
a number of subordinate QA models, improving the QA performance [129]. A further investigation
employed supervised transfer learning to improve the accuracy of the item details, and it saw an
improvement of roughly 10%[130]. By transferring the information acquired from a single endeavor
to a different one, transfer learning may be utilized to enhance the performance of QA systems
Nonetheless, the necessity for substantial volumes of information as well as the challenge in choosing
the best already trained algorithm for the intended task are some of the drawbacks of transfer
learning in QA systems [128].

Table 10. Summary of Critical Analysis.

REF. PAPERS TECHNIQUES SHORTCOMINGS
Quadratic Computational And Memory Requirements, Limited Context Capture,
Attention Mechanism
[1,8,9,30] Sensitivity To Noise And Irrelevance, Neglecting Answer Impact On Question,
(AM)
Inadequate Selection From Complex Inputs.
Attribute  Graph Base
Data-intensive graph construction, sensitivity to noise and irrelevance, potential
[30] Approach
scalability issues with large datasets.
(AG)
BERT model Dependency on high-quality and domain-specific training data for optimal
[18,20,25,34]
(BERT) performance.
The requirement for a lot of labelled data, the difficulty of interpretation, the cost of
Deep Learning Approach
11,6,15,16,30] computing, and the danger of over-fitting, which require careful evaluation and
(DL)
consideration before deployment in real-world applications.
Fine-Tuning Shallow changes to the language model, sensitivity to grammar mistakes, and the
[12,29,31]
(FT) need for careful consideration during system development.
Google Dialog-Flow The potential for misinterpretation of user queries and the need for ongoing
[18]
(GD) maintenance and updates for accuracy and relevance.
Human Feedback Challenges in obtaining high-quality feedback, potential biases in the feedback, and
5]
(HF) the associated cost of obtaining and processing it.
Information  Retrieval
Performance dependency on the IR system, dataset limitations, insufficiency for
[6,10,17] Techniques
complex questions, and computational expense of advanced techniques.
(IR)
Lack of methods for verifying and validating the systems, time-consuming and
Knowledge Base
7,11,21-23] expensive development and maintenance, and limited suitability for all types of
(KB)
questions and domains.
Knowledge Distillation Potential ineffectiveness for all types of models or tasks, challenges in zero-shot
[12,14,35]
(KD) transfer learning, limited effectiveness for noisy or error-prone data, potential
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1371

[10,17]

2,4,8,13,20,26]

[1,6]

[16]

[11

[16]

[12,14,29,31]
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Knowledge Graph
(KG)

Machine Learning
Approach

(ML)

Metamorphic ~ Testing
Theory
(MT)
Natural Processing
Languages
(NLP)
Neural Network
Approach
(NN)
Recurrent Neural
Network
(RNN)
Semantic Analysis
Approach

(SA)
Sequence-to-Sequence
(Seq2Seq)
Template Based
Approach

(TB)

Transfer Learning

(TL)

limitations for specialized or complex architectures, and limitations for

applications requiring high levels of accuracy or precision.

Potential incompleteness or inaccuracy of knowledge graphs, challenges in
mapping natural language questions to formal query representations,
computational expense of multi-hop reasoning, and difficulties in matching
entities in noisy or variable user queries to the knowledge graph.

The need for a lot of processing power and training data, as well as the importance
of trained quality of information and question difficulty, and potential challenges
in handling questions that require common sense reasoning or contextual
understanding.

Identifying and selecting metamorphic relations, especially for complex systems,
and may not be suitable for all types of QA systems that lack clear metamorphic
relations for testing.

Feature engineering complexity, data quality, and context maintenance,
understanding human nuances, semantic-based QA, and closed domain
limitations.

Limitations in feature extraction, data requirements, context understanding, and
generating specific answers, but deep learning approaches help mitigate some of

these challenges.

Slow training and inference, limited representational power, difficulty in
capturing long-term dependencies, and memory loss.

The limited application of existing systems, flaws in the models employed, and
challenges in precise semantic tagging.

Focused nature, weaknesses in the underlying models, and challenges in accurate
semantic tagging.

Limitations in handling complex queries that require reasoning and inference.

Requires sufficient data and careful selection of pre-trained models for the target

task.

6. Performance Analysis:

Performance analysis is an essential tool that helps researchers and organizations to achieve their

goals and objectives in technology-based research papers. It helps to evaluate and compare the

performances of different technologies according to specific use cases. Additionally, it may be used

to analyze how technology performance has changed and find inconsistencies between existing and

future performance. The Table 11 shows performance analysis of different research articles in order

to achieve goals and objectives.
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Table 11. Performance Analysis.
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7. Research Gaps & Solutions:

Research gap is referred to as an unknown or underexplored region having room for more
investigation. Any research report must identify research gaps in order to improve knowledge and
create long-term studies that have a positive influence on society. Finding gaps in the literature aids
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in describing the goals of the study, the issue under investigation, and the significance of the issue.

Below is a discussion of research gaps in deep learning-based question answering systems and

potential remedies:

e  Data scarcity: Deep learning-based systems for answering questions need an enormous amount
of top-of-the training data that might be challenging to get in some fields or languages. One
solution is to develop methods for generating synthetic training data, such as those based on
data augmentation or generative adversarial networks [131].

e Lack of annotated data: Annotated data is essential for training deep learning models, but it can
be difficult and expensive to obtain. One solution is to use transfer learning, where a pre-trained
model is improved on a more restricted marked dataset [131].

e Limited ability to handle out-of-domain questions: Deep learning models are often trained on
specific domains or datasets, which can limit their ability to answer questions outside of those
domains. One solution is to use transfer learning or domain adaptation techniques, which can
help the model generalize to new domains [131].

e Limited interpretability: It might be tricky to comprehend how deep learning models generate
their results since they can be complicated to comprehend. Utilisation of attention mechanisms,
which enable the model to concentrate on particular elements of the input when generating
predictions, is one remedy.[132].

e Limited ability to handle low-resource languages: It might be difficult for low-resource
languages to use deep learning models since they need a lot of metadata to function successfully.
One solution is to use unsupervised or semi-supervised learning techniques, which can leverage
unannotated data to improve performance [132].

e Limited generalization: The ability of deep learning models to generalize to new contexts or
tasks to perform that are dissimilar from those they were trained on might be a challenge. One
way is to employ multi-task learning that involves training a single model on a variety of related
tasks. This can increase the generalizability of the mode [133].

e Lack of Explainability: Understanding the manner in which deep learning models generate
their responses might be tricky since they can be tricky to evaluate. One solution is to use
methods such as attention mechanisms or explainable Al, which can provide insights into how
the model makes its predictions [133].

e Limited ability to handle noisy or ambiguous input: Natural language input can be noisy or
ambiguous, which can make it challenging for deep learning models to accurately answer
questions. One solution is to use models that can handle uncertainty, such as probabilistic
models or fuzzy logic-based models [133].

e  Lack of comprehensive evaluation: Many research papers evaluate their models on a limited
set of metrics or datasets, which can make it difficult to compare different approaches. One
solution is to use standardized benchmarks and evaluation metrics, which can facilitate fair
comparisons between different models [134].

e Limited ability to handle multi-hop reasoning: Multi-hop reasoning involves answering
questions that require multiple pieces of information to be combined. Deep learning models can
struggle with this task, as they often rely on local context rather than global context. One solution
is to use graph-based models, which can represent the relationships between different pieces of
information [135].

e Limited ability to handle complex questions: Deep learning models can struggle with

answering complex questions that require reasoning and inference. One solution is to use
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models that can perform logical reasoning, such as knowledge graph-based models or symbolic
reasoning models [135].

e Limited ability to handle long documents: Deep learning models can struggle with long
documents, as they may have difficulty retaining relevant information over long periods of time.
One solution is to use memory-augmented models, which can store relevant information in an
external memory and retrieve it when needed [136].

e Limited ability to handle multi-lingual questions: Deep learning models trained on one
language may not perform well on questions in other languages. Cross-lingual transfer learning,
which trains a model on many languages and is capable of transferring knowledge across them,

is one remedy [137].

8. Conclusion:

Deep learning-based question answering systems have emerged as a vibrant area of research
within natural language processing. Although they have shown encouraging results, there are still a
number of major issues that must be resolved if they are going to work better and be more useful in
everyday situations. These challenges include handling complex questions requiring reasoning,
dealing with noisy or ambiguous input, supporting multiple languages, processing non-textual data,
and handling rare or unseen words. Proposed solutions involves text matching models, semantic
matching rankers, fine-tuning of multilingual models, and alike. Further research is necessary to
develop robust and accurate deep learning-based question answering systems that can effectively
handle diverse real-world scenarios.
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