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Question answering (QA) systems have garnered significant attention in recent years due to their potential
to bridge the gap between human language understanding and machine intelligence. Consequently, a wide
variety of approaches have been developed, each tailored to specific tasks. In this survey paper, we provide
a comprehensive overview of three prominent QA paradigms: Extractive , generative, and Visual QA. We
discuss the underlying principles, methodologies, applications, challenges, and recent trends in each of these
areas. By synthesizing insights from the existing literature and research findings, we aim to provide a

holistic understanding of extractive, generative, and Visual QA systems and offer insights into their strengths,
limitations, and future directions.

1. Introduction

The burgeoning field of question-answering (QA) systems high-
lights the evolving synergy between human language comprehension
and Artificial Intelligence (AI) (Soares and Parreiras, 2020; Jin et al.,
2022). These systems, designed to swiftly furnish accurate and relevant
responses to queries posed in natural language, epitomize the con-
vergence of advanced computational techniques and the intricacies of
human communication. However, they also face challenges, including
limitations in understanding context, handling ambiguity, and address-
ing biases in the data they are trained on, which can impact their
accuracy and fairness.

From streamlining information retrieval processes to powering vir-
tual assistants and enhancing educational tools, QA systems perme-
ate myriad domains, catalyzing transformative changes in human—
computer interaction (HCI) (Manning, 2008; Voorhees et al., 2005; Cui
et al., 2019; Zhang et al., 2021).

At the heart of every QA endeavor lies the fundamental quest
to discern the underlying intent and semantics of user queries and,
subsequently, to retrieve or generate cogent responses from a plethora
of information sources (Rajpurkar et al., 2018; Fader et al., 2014;
Weston et al., 2015). This introductory section serves as a gateway to
the nuanced world of QA systems, delving into the intricate processes
and methodologies that underpin their functionality.

The subsequent overview outlines the key paradigms of QA systems,
each offering a unique approach to addressing the complex challenges
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of natural language understanding (NLU). Extractive Question Answer-
ing (EQA), similar to meticulous librarians combing through extensive
archives, focuses on identifying and extracting relevant information di-
rectly from text sources (Wang et al., 2022; Demner-Fushman and Lin,
2006). By leveraging methods rooted in information retrieval (IR) and
natural language processing (NLP), these systems are particularly adept
at locating specific passages or sentences that contain answers to user
queries, making them invaluable for tasks like reading comprehension
and fact verification.

Generative Question Answering (GQA): In contrast, GQA systems
embody the art of linguistic creation, dynamically synthesizing re-
sponses based on an understanding of query semantics and contextual
cues (Lewis and Fan, 2018). By harnessing the power of advanced natu-
ral language generation (NLG) models, these systems offer unparalleled
flexibility in generating responses to queries, paving the way for so-
phisticated dialogue systems, creative writing aids, and conversational
agents. For example, the recent advancements in ChatGPT-4 (OpenAl,
2023) and Gemini (Google DeepMind, 2024) (Masalkhi et al., 2024)
have enabled more human-like and context-aware interactions, expand-
ing their use in virtual healthcare assistants that offer personalized
advice and emotional support (e.g., Woebot Health, 2023) (Olawade
et al., 2024). Additionally, models like PaLM 2 (Google, 2023) (Chowd-
hery et al., 2023) have made breakthroughs in multilingual content
creation, facilitating real-time translation and content generation across
diverse languages, further enhancing the potential applications of NLG
systems.
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Visual Question Answering (VQA): The emergence of VQA systems
marks a paradigm shift in QA, as these systems adeptly integrate
visual information, such as images or videos, with textual queries to
provide holistic responses (Antol et al., 2015). Leveraging multimodal
fusion techniques, VQA systems unravel the intricacies of visual con-
tent, enabling tasks such as image understanding, scene analysis, and
content-based image retrieval. These systems hold immense promise in
domains ranging from assistive technology for the visually impaired to
immersive augmented reality experiences.

Furthermore, this paper categorizes QA systems into distinct types
based on their underlying mechanisms and functionalities, elucidating
the unique strengths and limitations of each approach (Al Mahmud
et al., 2020; Riloff and Thelen, 2000; Manna et al., 2020; Putra et al.,
2016; Abdel-Nabi et al., 2023; Sarrouti and El Alaoui, 2017; Park
et al., 2021; Cortes et al., 2018; Pakray et al., 2011; Bhaskar et al.,
2013). By navigating this taxonomy, our goal is to provide a com-
prehensive understanding of the varied landscape of QA systems, en-
abling researchers and practitioners to effectively choose and customize
solutions according to specific use cases and challenges.

The overarching goal of this paper is to provide a roadmap for nav-
igating the intricate terrain of QA systems, from foundational princi-
ples to cutting-edge advancements. By elucidating the core paradigms,
methodologies, and applications of EQA, generative, and VQA systems,
this introduction sets the stage for a deeper exploration of the evolving
landscape of HCI and NLU.

The subsequent sections of the paper are organized as follows:
Section 2 outlines the motivations behind this study, aiming to provide
a holistic understanding of three prominent QA paradigms—EQA, GQA,
and VQA—while highlighting their strengths, limitations, and future
directions. Section 3 offers an overview of the study. Section 4 offers
an overview of EQA, Section 5 explores GQA, Section 6 centers on
VQA, Section 7 conducts a Comparative Analysis of QA Paradigms, Sec-
tion 8 addresses Challenges and Future Directions, and lastly, Section 9
presents the Conclusion.

2. Motivation

Studying EQA, GQA, and VGA systems is motivated by the need to
address diverse challenges in NLU and HCL

EQA systems, which retrieve answers directly from text, are essen-
tial for efficiently accessing relevant information from large corpora.
However, the accuracy of these systems heavily depends on the quality
of the data sources. If the underlying corpus contains outdated, biased,
or incomplete information, the system’s outputs may be inaccurate or
misleading. For example, if an EQA system relies on a dataset that con-
tains historical inaccuracies or unverified claims, it could inadvertently
retrieve and present incorrect answers, undermining the reliability of
the system. Therefore, understanding and improving these systems can
enhance IR processes, search engines, and text summarization tools,
thereby streamlining access to vast amounts of textual data. GQA
systems, on the other hand, offer the capability to generate responses
dynamically, allowing for more flexible and nuanced interactions be-
tween users and machines. Researching GQA can lead to advancements
in dialogue systems, virtual assistants, and NLG, enabling richer and
more human-like interactions. Additionally, the emergence of VQA
systems stems from the increasing prevalence of multimedia content
and the growing importance of visual understanding in Al applications.
By studying VQA, researchers aim to develop Al systems capable of
interpreting and reasoning about visual information, leading to in-
novations in fields such as image understanding, augmented reality,
and accessibility technologies for the visually impaired. In summary,
studying EQA, GQA, and VQA systems is motivated by the broader goal
of advancing NLU, NLG, enhancing HCI, and enabling AI systems to
effectively process and respond to diverse forms of information.
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3. Overview

Question-answering (QA) systems are designed to automatically
provide users with accurate, relevant, and concise answers to their
questions, typically formulated in natural language. These systems play
a crucial role in bridging the gap between human language under-
standing and machine intelligence, enabling users to interact with
computers in a more intuitive and natural manner. QA systems have
applications across various domains, including information retrieval,
education, customer support, virtual assistants, and more (Manning,
2008; Voorhees et al., 2005; Cui et al., 2019; Ferrucci et al., 2010;
Zhang et al., 2021).

The primary objective of QA systems is to comprehend the meaning
and intent behind a user’s question and retrieve or generate a suitable
and coherent response from various sources (e.g., a knowledge base
or corpus of information) (Rajpurkar et al., 2018; Fader et al., 2014;
Weston et al., 2015). The key components and processes involved in a
QA system typically include:

+ Natural Language Understanding: The system processes and an-
alyzes the natural language input (questions) to understand the
semantics (Li and Yang, 2018), intent (Weld et al., 2022), and
context of the queries (Bates, 1995). This may involve tech-
niques such as tokenization (Ly et al., 2020; Fares et al., 2013),
part-of-speech tagging (Chiche and Yitagesu, 2022), syntactic
parsing (Manning and Schutze, 1999), semantic analysis (Maulud
et al., 2021), and named entity recognition (Nadeau and Sekine,
2007).

Information Retrieval: The system retrieves relevant information
from structured or unstructured data sources, such as databases
(Ostrovsky and Skeith III, 2007), documents (Mitra and Chaud-
huri, 2000), web pages (Kobayashi and Takeda, 2000), or knowl-
edge bases (Diefenbach et al., 2018). This step involves searching
and selecting relevant passages, or documents that contain po-
tential answers to the user’s question (Manning and Schutze,
1999).

Answer Extraction or Generation: Depending on the QA archi-
tecture, the system either extracts the answer directly from the
selected sources or retrieved passages (EQA) or generates a new
answer in natural language (GQA) (Wang et al., 2022; Pandya and
Bhatt, 2021; Lewis and Fan, 2018). EQA systems typically identify
and select the most relevant passages or sentences containing the
answer, while GQA systems synthesize new text to form coherent
responses.

Scoring and Ranking: The system evaluates and scores potential
answers based on factors such as relevance (Zhong et al., 2022),
coherence (Shah et al., 2019b), confidence (Guo et al., 2017; Tian
et al., 2023), and correctness (de Winter, 2023). In EQA, this
may involve ranking candidate passages or sentences based on
their relevance to the question (Pezeshkpour, 2023). In GQA, the
system may score generated responses based on their semantic
coherence and grammatical correctness (Sun et al., 2023).
Presentation of Results: The system presents the final answer or a
ranked list of candidate answers to the user in a human-readable
format. This may include text-based responses, structured data,
visualizations, or multimedia content, depending on the nature
of the question and the output format supported by the system.

Overall, a QA system aims to provide users with accurate, relevant,
and concise answers to their questions, leveraging techniques from
NLP, IR, Machine Learning (ML), and other related fields to achieve
this goal. QA systems can be implemented using various approaches
depending on their functionality and underlying technologies. Here are
some common types:
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» Keyword-based Question Answering Systems: These systems
match keywords or key phrases from the user’s question with
relevant documents or passages in a corpus to find the an-
swer (Al Mahmud et al., 2020). They are relatively simple and
often rely on techniques like IR and keyword matching.
Rule-based Question Answering Systems: Rule-based systems use
predefined rules or patterns to extract information from the in-
put question and find the answer (Riloff and Thelen, 2000).
These rules can be based on the syntactic or semantic struc-
tures of the language. They are effective for answering specific
types of questions but may lack flexibility (Chiticariu et al.,
2013). However, pattern matching techniques guided by prede-
fined rules are employed to extract information from a provided
dataset or knowledge repository in order to formulate responses
to user inquiries. Nonetheless, while effective in certain cases,
rule-based pattern matching methods lack the intelligence to
consistently grasp the contextual nuances of queries, resulting
in static and occasionally inappropriate responses (Chen and
Zulkernine, 2021).

Information Retrieval-based Question Answering Systems: These
systems retrieve relevant information from large collections of
documents or databases to answer questions (Manna et al., 2020).
They typically use techniques like indexing (Tsatsaronis et al.,
2015), ranking (Lee et al., 2018), and retrieval to find the most
relevant documents or passages containing the answer.
Semantic-based Question Answering Systems: Semantic-based
systems (Putra et al., 2016) focus on understanding the meaning
of the question and the content of the documents to provide more
accurate answers. They often use NLP techniques like named
entity recognition (Nadeau and Sekine, 2007), syntactic and
semantic parsing (Manning and Schutze, 1999; Maulud et al.,
2021), and entity linking (Shen et al.,, 2014) to analyze the
question and retrieve relevant information.

Machine Learning-based Question Answering Systems: These sys-
tems use ML algorithms (Abdel-Nabi et al., 2023; Sarrouti and
El Alaoui, 2017) to learn patterns from large datasets of ques-
tions and answers. They can be trained on labeled datasets to
predict answers to new questions. Deep learning models such
as Recurrent Neural Networks (RNNs) (Serban et al.,, 2016a),
Convolutional Neural Networks (CNNs) (Li et al., 2021), and
transformer models (Kumari and Pushphavati, 2022) (like Bidi-
rectional Encoder Representations from Transformers (BERT) (Qu
et al., 2019) and Generative Pre-trained Transformer (GPT) (Klein
and Nabi, 2019)) are often used in these systems.

Knowledge Graph-based Question Answering Systems: Knowl-
edge graph-based systems represent knowledge in the form of
a graph (Park et al., 2021), where entities are nodes and rela-
tionships are edges. These systems use graph-based algorithms to
navigate the knowledge graph and find answers to questions by
traversing relationships between entities.

Hybrid Question Answering Systems: Hybrid systems combine
multiple approaches mentioned above to leverage the strengths
of each (Cortes et al., 2018; Pakray et al., 2011; Bhaskar et al.,
2013). For example, a system may use keyword matching for
simple questions and switch to ML-based techniques for more
complex questions.

However, each pe of QA system has its strengths and limitations,
and the choice of system depends on factors such as the complexity
of questions, the size of the knowledge base, and the desired accuracy
of answers. Depending on the approach and methodology employed,
QA systems can be classified into several categories, each with its
own strengths, limitations, and areas of application. Some of the key
paradigms, as illustrated in Fig. 1, include:
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« Extractive Question Answering: EQA systems (Wang et al., 2022),
a subset of information retrieval-based systems, are designed to
identify and extract relevant information directly from a given
set of documents or passages. By leveraging techniques from
IR and NLP, these systems (i.e., Index vector (Manning, 2008),
BM25 (Robertson et al., 2009), BERT (Devlin et al., 2018)) lo-
cate specific passages containing the answer to a given question,
making them particularly effective for factoid questions where the
answer can be directly inferred from the text (Demner-Fushman
and Lin, 2006). Unlike GQA systems, which generate new text,
EQA systems operate by extracting answers directly from the
context or document. They are commonly used in tasks such as
reading comprehension and fall under the broader categories of
rule-based or ML-based systems, depending on the methodologies
used for answer identification and extraction.

Generative Question Answering: GQA systems operate by synthe-
sizing new text in response to user queries (Lewis and Fan, 2018),
leveraging advanced NLG techniques like sequence-to-sequence
modeling (Yin et al., 2015). Unlike EQA systems, which retrieve
answers from pre-existing passages, GQA systems (i.e., T5 (Raffel
et al., 2020), GPT-3 (Brown et al., 2020), BART (Lewis, 2019))
dynamically generate responses based on comprehension of the
question and context (Liu et al., 2019; Song et al., 2017). These
systems are adept at handling tasks requiring open-domain rea-
soning (Cheng et al., 2021), dialogue generation (Shen et al.,
2021; Honovich et al., 2021), and complex language understand-
ing (Liu et al., 2019), where answers may not be readily available
in the provided text. GQA falls within the realm of ML-based
systems, as it often involves training models to generate answers
from input questions and contexts, while also incorporating ele-
ments of semantic-based systems (Niu et al., 2021) to understand
question semantics and produce coherent responses.

Visual Question Answering: VQA systems represent an advance-
ment in traditional QA by integrating visual information (Antol
et al., 2015), such as images or videos (Wu et al., 2017), with
textual queries. These systems (i.e., VQA (Antol et al., 2015),
ViIBERT (Lu et al., 2019), VisualGPT (Chen et al., 2022)) em-
ploy multimodal fusion techniques (Lu et al.,, 2023) to merge
visual and textual inputs, enabling them to generate answers
that require an understanding of both modalities. VQA finds
applications in various domains, including image understand-
ing (Goyal et al., 2017), scene analysis (Biten et al., 2019; Kafle
and Kanan, 2017a), and assistive technology (Das et al., 2019),
empowering users to pose questions about visual content. By
combining computer vision and NLP techniques (Wu et al., 2017),
VOQA systems can interpret images and understand questions,
enabling tasks such as object recognition (Ramakrishnan et al.,
2017), scene understanding, and spatial reasoning (Azuma et al.,
2022). These systems have diverse applications, including image
captioning (Anderson et al., 2018), assisting visually impaired
individuals (Antol et al., 2015), and content-based image re-
trieval (Yu et al., 2020). VQA is a specialized type of QA system
that processes both visual and textual inputs, making it a hybrid
approach within the broader category of multimodal question-
answering systems (Cadene et al., 2019; Ben-Younes et al., 2017;
Lu et al., 2023).

These systems leverage a combination of information retrieval
and ML techniques to process visual and textual data and gen-
erate accurate responses. For instance, recent innovations such as
multimodal transformers—like Contrastive Language-Image Pre-
training (CLIP) by OpenAl (Radford et al., 2021) and Flamingo by
DeepMind (Alayrac et al., 2022)—combine vision and language
processing into a single architecture, enabling more nuanced and
context-aware responses. These systems can not only retrieve
and understand textual data but also interpret images, videos,
and even real-time sensor data. In practical applications, such
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Fig. 1. Overview of three prominent QA paradigms: EQA, GQA, and VQA. EQA retrieves exact spans of text from a given passage, while GQA generates novel answers that may
not appear verbatim in the source text. VQA extends traditional QA by incorporating multimodal inputs, combining text-based questions with images, and requiring the model to
understand both textual and visual elements for accurate responses. VQA can adopt both EQA and GQA, but the key distinction lies in the use of visual content in addition to
text, introducing additional complexity. This classification highlights the differences in input modalities (text-only vs. multimodal) and answering strategies (EQA vs. GQA), with

VQA being a unique challenge due to its multimodal nature.

as autonomous vehicles (Talpes et al., 2020; Nordhoff et al.,
2023) and augmented reality (AR) platforms (Silva et al., 2023),
this combination allows for real-time decision-making based on
both visual and textual inputs, greatly improving accuracy and
adaptability in dynamic environments.

Overall, the three prominent QA paradigms — EQA, GQA, and
VQA — highlight distinct problem-solving strategies, as well as differ-
ent input and output formats. EQA retrieves exact spans of text from a
passage to answer a question, relying on IR from the source material.
GQA, on the other hand, generates novel answers that may not appear
verbatim in the text, often requiring deeper reasoning. VQA extends
traditional QA by incorporating both text-based questions and images,
requiring the model to understand both textual and visual content for
accurate responses. This framework emphasizes the differences in input
modalities (text-only vs. multimodal) and answering strategies (EQA vs.
GQA), with VQA introducing additional complexity due to the need for
multimodal reasoning. VQA can leverage both EQA and GQA, making
it a unique challenge compared to text-only QA systems.

Furthermore, QA systems are evaluated based on various scores,
including accuracy (Singhal et al., 2023), precision, recall, fluency (Van
Der Lee et al., 2019), and relevance (Zhong et al., 2022). Benchmark
datasets, such as SQUAD (Rajpurkar et al., 2016), COCO-QA (Lin et al.,
2014), and VQA (Zellers et al., 2018), provide standardized evaluation
tasks for assessing the performance of QA systems across different
domains and modalities.

Overall, QA systems continue to evolve rapidly, driven by ad-
vancements in Al, ML, and NLP. By enabling seamless interaction
between humans and machines, QA systems contribute to the develop-
ment of intelligent applications and services that enhance productivity,
accessibility, and user experience across diverse domains.

The primary objective of this survey paper is to provide a com-
prehensive overview of EQA, GQA, and VQA systems, exploring their
methodologies, applications, and advancements. The paper aims to
offer insights into the evolution of QA systems, from traditional EQA
to more advanced GQA and VQA paradigms, highlighting the strengths,
limitations, and challenges associated with each approach.

By synthesizing existing research and literature in the field, the
paper seeks to elucidate the underlying principles, techniques, ap-
plications, challenges, and recent developments within each of these
paradigms. This comprehensive analysis is intended to deepen the
understanding of how these systems operate and how they can be
utilized.

4. Extractive Question Answering (EQA)
4.1. Definition and characteristics of EQA systems

Definition 1. EQA systems are a type of QA system that retrieve
answers directly from a given corpus of text or data (Wang et al., 2022;
Assem et al., 2021).

EQA involves working with a given text passage T" and a question
Q, as illustrated in Fig. 2. The process begins by taking the input pair
(T, Q) as outlined in algorithm 1. The next step is to identify and locate
the span S C T that answers the question Q. Finally, the relevant
span S is extracted and returned as the answer A, which equals S.
Mathematically, EQA can be represented as:

EQA(T, Q) = arg max P(S |T,0)

where P(S | T, Q) denotes the probability of span .S being the correct
answer given 7 and Q.

Algorithm 1 EQA

Input: Text passage T, Question Q
Output: Answer span .S

max_prob « 0
: § < empty span
: for each possible span s in T do
prob « P(s | T,Q)
if prob > max_prob then
max_prob < prob
S <5
end if
end for
return S

W ®ENDTHwN

._.
=

Overall, EQA iterates through all possible spans in the text passage
to find the one with the highest probability of being the correct answer.

For instance, let us consider the text passage below along with a
corresponding question:

T: Albert Einstein was a German-born theoretical physicist who
developed the theory of relativity, one of the two pillars of modern
physics. His work is also known for its influence on the philosophy
of science. Einstein is best known in popular culture for his mass—
energy equivalence formula E = mc?. He received the 1921 Nobel
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Fig. 2. Abstract representation of QA systems: In this context, the predictive model (M)
within a QA system could vary, incorporating options such as extractive, generative,
or VQA, depending on the nature of the input and the resultant output. The input for
the QA task might consist of a question (Q) paired with either a text passage or an
image, while the resulting answer (A) could manifest as extractive response directly
drawn from the input, or a generative response based on the input’s content.

Prize in Physics for his “services to theoretical physics”, in partic-
ular, his discovery of the law of the photoelectric effect, a pivotal
step in the development of quantum theory.

Q: For what discovery did Albert Einstein receive the Nobel Prize
in Physics in 1921?

To implement EQA, the process involves two main steps. First,
identification: locating the span within the text passage (T') that di-
rectly addresses the question (Q). In the given example, the answer
to the question is explicitly provided in the passage: “He received the
1921 Nobel Prize in Physics for his’services to theoretical physics’,
in particular, his discovery of the law of the photoelectric effect...”
Second, extraction: once the relevant span is identified, it is extracted.
In this case, the identified span is: “his discovery of the law of the
photoelectric effect”. Therefore, for this specific example, the output
of EQA would be: “his discovery of the law of the photoelectric effect”.

Moreover, EQA systems typically consist of several key characteris-
tics:

Retrieval-Based Approach: EQA systems employ a retrieval-based
approach, where answers are extracted directly from a pre-
existing collection of documents or text passages (Chen and
Zulkernine, 2021; Demner-Fushman and Lin, 2006). The system
does not generate new answers but instead identifies and extracts
relevant information from the provided sources.

Keyword Matching: EQA systems often rely on keyword matching
techniques to identify relevant passages or documents containing
the answer to a given question. They search for specific keywords
or phrases within the corpus and extract sentences or paragraphs
that contain these keywords (Zhu et al., 2021).

Limited Understanding: Unlike GQA systems, EQA systems have
limited understanding of the context or semantics of the text (Hu
et al., 2023; Lee et al., 2016). They primarily focus on match-
ing keywords or patterns without deeper comprehension of the
underlying meaning of the text (Butt et al., 2021).

Document Retrieval: EQA systems may utilize document retrieval
techniques (Zhu et al., 2021) to identify a set of candidate doc-
uments or passages that are likely to contain the answer to the
given question (Singh et al., 2021b). These documents are then
further processed to extract the most relevant information.
Scalability: EQA systems need to be scalable to handle large
volumes of text or documents efficiently (Seo et al., 2018; Feng
et al., 2020). They should be able to retrieve answers quickly and
accurately from a vast corpus of information.
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Overall, EQA systems provide a straightforward approach to QA by
extracting answers directly from existing text sources. While they may
lack the ability to generate new answers or understand complex con-
texts, they are effective for tasks that involve retrieving factual infor-
mation (Wang et al., 2020a) from structured or unstructured data.

4.2. Methodologies

The methodologies employed by EQA systems typically involve
passage retrieval, ranking, and selection techniques to identify and
extract relevant information from a corpus of text or documents:

» Passage Retrieval: Passage retrieval (Tellex et al., 2003; Zhu
et al.,, 2021) is the initial step in EQA systems, where a set
of candidate passages or documents likely to contain the an-
swer to the given question is identified. This process involves
techniques such as keyword matching, document indexing, and
inverted indexing. Keyword matching (Demner-Fushman and Lin,
2006; Fader et al., 2014; Zhu et al., 2021) involves searching
for specific keywords or phrases in the corpus that match those
present in the question. Document indexing (Tsatsaronis et al.,
2015) creates an index of the entire corpus, allowing for effi-
cient retrieval of relevant documents based on keyword queries.
Inverted indexing (Qu et al., 2020), on the other hand, indexes
each word or term to the documents in which it appears, en-
abling fast retrieval of documents containing specific keywords.
In question-answering systems, information retrieval is pivotal
in identifying potential documents or passages that could hold
the answer to posed questions. Popular IR algorithms encompass
Boolean retrieval (Lee et al., 2006; Rakotoson et al., 2022), vector
space models (Kolomiyets and Moens, 2011), and probabilistic
approaches such as BM25 (Robertson et al., 2009).

Ranking: Once candidate passages or documents are retrieved, the
next step is to rank them based on their relevance to the ques-
tion (Zhu et al., 2021; Iyer et al., 2021). Ranking methodologies
may include techniques such as term frequency-inverse document
frequency (TF-IDF), BM25, and neural network-based approaches.
TF-IDF (Arroyo-Fernandez et al., 2019) calculates the importance
of a term in a document relative to its frequency in the entire
corpus, while BM25 (Robertson et al., 2009) considers factors
such as term frequency and document length to rank documents.
Neural network-based ranking models (Nguyen and Le, 2018)
leverage deep learning techniques to learn complex patterns and
relationships between questions and passages, leading to more
accurate rankings (Lukovnikov et al., 2017; Abbasiantaeb and
Momtazi, 2021). However, retrieval techniques such as TF-IDF
and BM25 utilize sparse representations. While these sparse tech-
niques provide lightweight and efficient solutions (Ahmed et al.,
2022; Mao et al., 2020), they fall short in semantic matching
ability and face challenges in retrieving relevant passages when
there is minimal lexical overlap.

Selection: After ranking the candidate passages, the final step is
to select the most relevant passage or passages as the answer
to the question (Tellex et al., 2003; Cui et al.,, 2005). Selec-
tion methodologies may include threshold-based approaches (Zhu
et al., 2021), where passages above a certain relevance score
threshold are selected, or ML-based approaches (Yen et al., 2013;
Tahsin Mayeesha et al., 2021), where a classifier is trained to
predict the relevance of passages to the question. Ensemble meth-
ods (Cheng et al., 2021; Moholkar and Patil, 2021) combining
multiple ranking and selection techniques may also be employed
to improve the overall performance of EQA systems.

Natural Language Processing: NLP comprises a spectrum of
methodologies aimed at comprehending and handling natural
language text. These techniques are instrumental in dissecting
the structure (Olivetti et al., 2020), syntax (Srihari et al., 1999),
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semantics (Berant et al., 2013), and contextual nuances embedded
within textual data (Louis et al., 2024). Within QA frameworks,
NLP plays a pivotal role in deciphering user queries and extracting
pertinent information from diverse text sources. The array of
NLP tasks pertinent to QA encompasses tokenization (Ly et al.,
2020; Fares et al.,, 2013), part-of-speech tagging (Chiche and
Yitagesu, 2022), named entity recognition (Nadeau and Sekine,
2007), syntactic parsing (Manning and Schutze, 1999), semantic
analysis (Maulud et al., 2021), and discourse analysis (Liakata
et al.,, 2013). Moreover, cutting-edge NLP models, exemplified
by deep learning architectures like Transformers (Vaswani et al.,
2017), such as BERT (Devlin et al., 2018), LLaMA (Touvron
et al., 2023), and GPT-3 (Floridi and Chiriatti, 2020) have demon-
strated considerable advancements across various NLP domains,
including question-answering.

However, Integration of IR and NLP techniques in question-
answering systems (Gaizauskas and Humphreys, 2000; Abacha and
Zweigenbaum, 2015) allows for efficient retrieval and processing of
relevant information to produce accurate answers. These techniques
enable systems to handle a wide range of questions and text sources
effectively, contributing to the development of robust and versatile
question-answering systems. Overall, the methodologies of passage
retrieval, ranking, and selection play a crucial role in the effective-
ness and accuracy of EQA systems by enabling them to efficiently
identify and extract relevant information from large corpora of text or
documents.

4.3. Applications

EQA systems find various applications across different domains,
primarily focusing on tasks related to IR, factoid QA, and reading
comprehension. Here’s an overview of these applications:

+ Information Retrieval: EQA systems play a crucial role in IR
tasks (Manna et al., 2020; Chen and Zulkernine, 2021; Demner-
Fushman and Lin, 2006; Tellex et al., 2003; Zhu et al., 2021;
Demner-Fushman and Lin, 2006; Fader et al., 2014; Zhu et al.,
2021), where users seek specific pieces of information from a
vast corpus of text or documents. These systems enable users to
pose natural language questions and retrieve relevant documents
or passages containing the desired information. IR applications
include search engines (Kwok et al., 2001; Ren et al., 2021),
document retrieval systems (Zhu et al., 2021; Singh et al., 2021b),
and knowledge base querying (Liu et al., 2020a; Das et al., 2017).
Factoid Question Answering: In factoid question answering, EQA
systems are employed to provide concise and factual answers to
questions posed by users (Er and Cicekli, 2013; Soricut and Brill,
2006). These questions typically require specific information,
such as definitions (Saggion, 2004), dates (Raiman and Miller,
2017), locations (Xu et al., 2021), or numerical data (Pearce
et al.,, 2021). EQA systems retrieve relevant passages or doc-
uments containing the answer and present it to the user in a
structured format. Factoid QA applications include virtual assis-
tants (Reddy et al., 2019), chatbots (Alruqi and Alzahrani, 2023),
and information kiosks (Saha et al., 2018; Dhingra et al., 2017).
Reading Comprehension: EQA systems are utilized in reading
comprehension tasks to assess a system’s ability to understand
and answer questions based on a given text passage or doc-
ument (Zhao et al., 2021; Zhu et al.,, 2021). These systems
are trained on datasets containing question—-answer pairs and
corresponding text passages such as Jaquad (So et al., 2022),
SQuAD (Rajpurkar et al., 2016), for additional datasets on reading
comprehension, refer to Bai and Wang (2021), enabling them to
extract answers directly from the text. Reading comprehension
applications include educational tools, language tutoring systems,
and assessment platforms.
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Overall, EQA systems have diverse applications in tasks requiring
the retrieval of factual information from text sources. They enable
efficient IR, facilitate fact-based QA, and support reading comprehen-
sion tasks in various domains ranging from education and research to
information access and decision support.

4.4. Evaluation scores and datasets

Evaluation scores play a crucial role in assessing the performance
of QA systems. They provide quantitative measures to evaluate the ac-
curacy, effectiveness, and overall performance of these systems. Three
commonly used QA datasets for evaluating QA systems are Stanford
Question Answering Dataset SQUAD (Rajpurkar et al., 2016), TREC
QA corpus (Voorhees and Tice, 2000), and MS-MARCO (Nguyen et al.,
2016).

1. Evaluation Scores: Evaluation of EQA systems often involves
scores such as precision, recall, and F1-score, which measure
the system’s ability to retrieve relevant answers accurately and
completely (Lewis et al., 2019b; Farea et al., 2022; Farea and
Emmert-Streib, 2024)

2. Stanford Question Answering Dataset (SQuAD): SQuAD (Ra-
jpurkar et al., 2016) is a widely used dataset for machine reading
comprehension tasks. It consists of questions posed by crowd-
workers on a set of Wikipedia articles, where the answer to
each question is a segment of text (span) from the corresponding
passage. The primary evaluation scores used for SQUAD are
Exact Match (EM) and F1 score. EM measures the percentage
of predicted answers that match exactly with the ground truth
answers. F1 score is the harmonic mean of precision and recall,
where precision is the ratio of the number of correct words in
the predicted answer to the total number of words, and recall is
the ratio of the number of correct words to the total number of
words in the ground truth answer.

3. Text REtrieval Conference Question Answering (TREC QA):
TREC QA (Voorhees and Tice, 2000) is a collection of datasets
used in the TREC competitions for evaluating QA systems. These
datasets contain various types of questions, including fact-based,
definition, and list questions, along with corresponding answer
passages. The evaluation score used for TREC QA varies depend-
ing on the specific task and dataset. Common scores include
Mean Reciprocal Rank (MRR). MRR measures the average of the
reciprocal ranks of the correct answers.

4. Microsoft MAchine Reading COmprehension (MS MARCO): MS
MARCO (Nguyen et al., 2016) is a large-scale dataset for ma-
chine reading comprehension and question answering. It consists
of real user queries from the Bing search engine along with
corresponding documents. The primary assessment criteria em-
ployed for MS MARCO focus on accuracy, precision, and recall to
gauge the precision of numerical responses. Additionally, scores
such as ROUGE-L (Lin, 2004) and the phrasing-aware evalua-
tion framework (Mitra et al., 2016) are utilized for evaluating
lengthy textual answers. The phrasing-aware evaluation frame-
work is designed to address the nuances of natural language
diversity when assessing extended textual responses. This eval-
uation process necessitates a substantial quantity of reference
answers per query, each meticulously curated by distinct human
editors. Consequently, it offers a natural means to gauge the
variety of ways individuals may articulate responses to the same
question. A range of pairwise similarity-based scores is then
applied to incorporate consensus among diverse reference an-
swers for evaluation purposes. These scores, simple adaptations
of established measures such as BLEU (Papineni et al., 2002)
and METEOR (Banerjee and Lavie, 2005), have demonstrated
enhanced correlation with human evaluations. Consequently, in
their experimental endeavors, a subset of MS MARCO featuring
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multiple answers per query was employed to assess model per-
formance using both BLEU and pa-BLEU (Mitra et al., 2016) as
evaluation scores.

These datasets and evaluation scores (Bai and Wang, 2021) provide
standardized benchmarks for assessing the performance of QA systems
across different domains and tasks. They enable researchers to compare
the effectiveness of various approaches and techniques in the field of

QA.

4.5. Challenges and limitations

Ambiguity Resolution: One of the primary challenges faced by
EQA systems is ambiguity resolution (Allam and Haggag, 2012).
Natural language is inherently ambiguous (Kamsties and Peach,
2000; Yang et al., 2011), and questions may have multiple valid
interpretations (Palangi et al., 2018; Cohen et al., 2014). EQA
systems often struggle to disambiguate between different mean-
ings of words or phrases (Towell and Voorhees, 1998; Liu et al.,
2005), leading to inaccurate or irrelevant answers (Perera et al.,
2020). Resolving ambiguity requires deeper understanding of
context (Guo et al., 2021), which is often lacking in retrieval-
based approaches (Keyvan and Huang, 2022).

Entity Recognition: EQA systems rely heavily on entity recogni-
tion to identify relevant entities mentioned in the text. However,
entity recognition can be challenging, especially in domains with
complex or ambiguous entity names (Li et al., 2017). EQA systems
may struggle to accurately identify entities, leading to incor-
rect answers or missed information (Hirschman and Gaizauskas,
2001).

Scalability: Scalability (Assem et al., 2021; Cui et al., 2019) is
another significant challenge for EQA systems, particularly when
dealing with large volumes of text or data. As the size of the
corpus increases, the time and computational resources required
for document retrieval and answer extraction also increase. Scal-
ing EQA systems to handle large datasets efficiently without
sacrificing performance is a major technical challenge.

Language Understanding: EQA systems often lack deeper lan-
guage understanding capabilities (Clark et al., 2020), relying
primarily on keyword matching techniques. This limits their abil-
ity to comprehend complex language structures, nuances, and
linguistic variations. As a result, EQA systems may struggle with
questions that require deeper semantic understanding or reason-
ing (Hovy et al., 2000).

Answer Consistency: Another limitation of EQA systems is the
lack of consistency in answers (Ribeiro et al., 2019; Honovich
et al., 2021). Since answers are extracted directly from the text
corpus, they may vary depending on the specific passages or
documents retrieved by the system. Inconsistencies in answers can
erode user trust and confidence in the system.

Domain Specificity: EQA systems may perform well in certain
domains where the language is structured and unambiguous (Ma
et al., 2015; Sheker et al., 2016), but they may struggle in
more specialized or domain-specific contexts. Adapting EQA sys-
tems to different domains requires extensive training data and
domain-specific knowledge, which may not always be available.

Addressing these challenges and limitations requires advancements
in natural language understanding, entity recognition, and document
retrieval techniques. Future research efforts in these areas aim to im-
prove the performance and scalability of EQA systems, enabling them
to provide more accurate and reliable answers across a wide range of
domains and use cases.
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4.6. Recent advancements and research trends

Recent advancements and research trends in EQA systems have
focused on improving the accuracy, efficiency, and versatility of these
systems. Some notable advancements include:

» Deep Learning Techniques: Researchers have increasingly uti-
lized deep learning models, such as RNNs (Serban et al., 2016a),
CNNs (Li et al., 2021), and transformer-based architectures (Ku-
mari and Pushphavati, 2022) like BERT (Devlin et al., 2018),
LLaMA (Touvron et al., 2023) and GPT (Klein and Nabi, 2019), to
enhance the performance of EQA systems. These models leverage
large-scale pretraining on text corpora to better capture semantic
relationships and contextual information, resulting in improved
answer extraction accuracy.

Transfer Learning: Transfer learning techniques have been ap-
plied to EQA systems to leverage knowledge from pretrained
models and adapt them to specific QA tasks (Chung et al., 2017;
Min et al.,, 2017). By fine-tuning pretrained language models
on domain-specific datasets or adjusting them for different lan-
guages, researchers have achieved significant improvements in
EQA performance without the need for extensive labeled data.
Multimodal EQA: With the increasing availability of multimedia
data (Singh et al., 2021a; Ben-Younes et al.,, 2017), there has
been growing interest in multimodal EQA systems that can extract
answers from both text and other modalities such as images,
videos, or audio. These systems integrate information from mul-
tiple modalities to provide more comprehensive and accurate
answers, opening up new avenues for applications in fields like
multimedia analysis, robotics, and virtual assistants.

Efficient Retrieval Techniques: To address the scalability chal-
lenges associated with large text corpora, researchers have devel-
oped efficient retrieval techniques for EQA systems (Gupta and
Gupta, 2012). These techniques leverage indexing (Seo et al.,
2019; Tsatsaronis et al., 2015), caching (Cao et al., 2020), and ap-
proximate search algorithms to quickly identify relevant passages
or documents containing the answer to a given question (Castel
et al., 2021), enabling real-time or near-real-time QA over vast
datasets (Kim et al., 2020).

Domain-Specific EQA: Tailoring EQA systems to specific domains
or verticals, such as healthcare (Chen and Zulkernine, 2021;
Chang et al., 2023), finance (Nararatwong et al., 2022), or le-
gal (Yadav and Singh, 2024), has gained attention in recent years.
Domain-specific EQA models are trained on specialized datasets
and fine-tuned to understand domain-specific terminology and
context, resulting in more accurate and relevant answers for users
in those domains.

Evaluation and Benchmarking: The development of standardized
evaluation benchmarks and datasets has played a crucial role in
advancing EQA research. Benchmark datasets, such as SQuAD and
MS MARCO, provide standardized tasks and evaluation scores for
comparing the performance of different EQA models, facilitating
fair and rigorous evaluation of system performance.

Overall, recent advancements and research trends in EQA systems
are driving progress towards more accurate, efficient, and domain-
adaptive QA solutions that can effectively extract answers from large
volumes of text and multimedia data across diverse domains and appli-
cations.

5. Generative Question Answering (GQA)
5.1. Definition and characteristics of GQA systems
Definition 2. GQA systems represent a type of QA system that

constructs answers using NLG techniques (Lewis and Fan, 2018), rather
than merely retrieving them from pre-existing text sources.
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GQA involves the process of generating answers to questions based
on a given text passage and question, as depicted in Fig. 2. This process
begins with the input of the text passage T and question Q, which are
then encoded into a latent and meaningful representation, as outlined
in algorithm 2. Subsequently, this representation is decoded to produce
the answer A. This process can be mathematically represented as:

GQA(T,Q) = arg mAax P(A|T, Q)

where GQA seeks to find the answer A that maximizes the probability
P(A|T,Q), which represents the likelihood of A being the correct
answer given 7 and Q.

Algorithm 2 GQA(T, Q)
Input: Text passage T, Question O
Output: Generated answer A
1: R < Encode(T, Q)
2: A « empty sequence
3: while - IsComplete(4) do
4: a; < GenerateNextToken(R, A)
5
6
7

Append g; to A
: end while
. return A

Overall, GQA encodes the text passage and question into a latent
representation and then generates the answer token by token based on
this representation.

To illustrate, let us say we’re presented with the subsequent text
passage and question:

T: Mount Everest, at 8848.86 m (29,031.7 ft), is the world’s highest
mountain.

Q: How tall is Mount Everest?

Now, instead of straightforwardly generating an extractive answer,
the GQA model could generate a response by understanding the con-
text of the question and providing a more descriptive or explanatory
answer, which could still contain the relevant information but in a
paraphrased form. In this scenario, the GQA model might generate a
more dynamic answer, such as:

A: Mount Everest stands proudly as the tallest peak on Earth,
soaring to an impressive height of 8848.86 m (29,031.7 ft).

This answer still provides the height of Mount Everest but presents it in
a more descriptive and informative manner, avoiding direct extraction
from the text passage.

Here are some defining characteristics of GQA systems:

» Generation-Based Approach: GQA systems employ a generation-
based approach (Bidgoly et al., 2022; Kurdi et al., 2020), where
answers are generated from scratch based on the understanding of
the question and the relevant context. Unlike EQA, GQA systems
create new responses rather than selecting them from a fixed set
of options.

Understanding of Context: GQA systems demonstrate a deeper
understanding of the context and semantics of the text (Lewis and
Fan, 2018; Liu et al., 2019). They analyze the meaning of the
question and consider the broader context in order to generate
accurate and relevant answers that may not be explicitly stated
in the input data.

Natural Language Processing: GQA systems heavily rely on NLP
techniques (Yin et al.,, 2015) to comprehend the nuances of
the text, including syntactic structures, semantics, and discourse.
These systems utilize various NLP models, such as neural lan-
guage models, to generate fluent and coherent responses.
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» Creativity and Flexibility: GQA systems exhibit creativity and
flexibility in generating diverse answers to a wide range of ques-
tions (Liu et al., 2020b). They can produce responses that go
beyond simple factual information (Soricut and Brill, 2006), in-
corporating reasoning, inference, and abstraction to provide more
insightful and nuanced answers (Yin et al., 2015).

Data-driven Learning: GQA systems leverage large-scale datasets
and ML algorithms to learn patterns and relationships from tex-
tual data (Wang et al., 2018; Liu et al., 2019). They are trained
on extensive corpora of text and use statistical models to predict
and generate responses based on input questions and contexts.

In summary, GQA systems represent a sophisticated approach to QA,
leveraging advanced NLP techniques to generate contextually relevant
and coherent answers. They offer greater flexibility and expressive-
ness compared to EQA, making them suitable for a wide range of
applications in natural language understanding and generation.

5.2. Methodologies

Methodologies such as NLG, Sequence-to-Sequence (Seq2Seq), and
related deep learning modeling are pivotal in advancing the capabil-
ities of GQA systems, particularly in the realm of understanding and
generating human-like responses:

» Natural Language Generation encompasses techniques that en-
able machines to produce coherent and contextually relevant
natural language text (Zhang et al., 2021). In the context of
GQA systems, NLG methodologies facilitate the generation of
answers to questions posed in natural language. These method-
ologies often involve the use of linguistic rules (Yin et al., 2015),
templates (Zhang et al., 2021), and ML algorithms to transform
structured data or knowledge into human-readable text (Yin et al.,
2015). NLG techniques ensure that the generated responses are
grammatically correct, semantically meaningful, and contextually
appropriate.

Sequence-to-Sequence (Seq2Seq) modeling, on the other hand, is
a deep learning architecture commonly used for tasks involving
sequence generation (Song et al., 2017; Yin et al., 2015), such
as machine translation (Lewis et al., 2019a), text summariza-
tion (Savery et al., 2020), and question answering (Gunasekara
et al.,, 2021). In Seq2Seq models, an encoder—decoder frame-
work (Yin et al., 2015) is employed, where an encoder neural
network processes the input sequence (e.g., a question), and a
decoder network generates the output sequence (e.g., an an-
swer). This methodology has been adapted for GQA systems,
where the encoder processes the question, and the decoder gen-
erates the corresponding answer. The model learns to map input
questions to output answers by capturing complex patterns and
dependencies within the data.

Moreover, GQA systems employ various techniques to understand
and generate answers to questions. Three prominent techniques
utilized in GQA systems are RNNs, transformers, and attention
mechanisms, as outlined below:

Recurrent Neural Networks: RNNs are a class of neural networks
particularly effective for sequential data processing, making them
well-suited for GQA tasks. They process input sequences step-by-
step, maintaining an internal state that captures information from
previous steps. This ability to capture temporal dependencies
enables RNNs to model sequential data effectively (Lewis and Fan,
2018), making them suitable for tasks such as language modeling
and sequence generation in GQA systems. However, traditional
RNNs suffer from issues such as vanishing gradients and diffi-
culty in capturing long-range dependencies (Tang et al., 2017),
leading to the development of more advanced architectures like
Long Short-Term Memory (LSTM) (Lewis and Fan, 2018) and
Gated Recurrent Unit (GRU) (Shen et al., 2021) to address these
shortcomings.
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 Transformers: Transformers have emerged as a powerful architec-
ture for various NLP tasks, including GQA. Unlike RNNSs, trans-
formers process input data in parallel, allowing for more ef-
ficient computation and capturing long-range dependencies ef-
fectively. The transformer architecture consists of self-attention
mechanisms (Vaswani et al., 2017) that enable it to weigh the
importance of different input tokens when generating output
representations. This attention mechanism allows transformers to
focus on relevant parts of the input sequence, making them well-
suited for tasks requiring context understanding, such as language
translation and question answering.

Attention Mechanisms: Attention mechanisms (Vaswani et al.,
2017) play a crucial role in both RNNs and transformer architec-
tures. They enable models to selectively focus on relevant parts
of the input sequence when generating output representations. In
GQA systems, attention mechanisms allow the model to attend
to specific words or tokens in the question and relevant context
in the input data, facilitating accurate answer generation. By
assigning higher weights to informative tokens and suppressing
irrelevant ones, attention mechanisms improve the model’s ability
to understand and generate answers to complex questions.
Reinforcement Learning from Human Feedback (RLHF): is a
method that enhances ML models by incorporating human input
into their training process (Bai et al., 2022; Zhu et al., 2023).
RLHF plays a crucial role in refining the quality and relevance
of generated answers. Initially, a model is trained using tradi-
tional reinforcement learning techniques on a broad dataset to
learn basic behaviors. Human feedback is then collected, which
might involve ranking outputs, providing corrections, or offer-
ing qualitative assessments. This feedback is used to develop
a reward model that reflects human preferences and values.
The reinforcement learning algorithm subsequently fine-tunes the
model based on the rewards predicted by this reward model,
aligning its behavior more closely with human expectations. This
iterative process helps improve the model’s performance and
adaptability, ensuring that it produces more accurate and contex-
tually appropriate outputs. By integrating human insights, RLHF
enables models to better align with user values and preferences,
enhancing their effectiveness and overall user experience.

Over all, RNNs, transformers, and attention mechanisms are funda-
mental techniques used in GQA systems to process input data, capture
contextual information, and generate accurate answers to questions.
Each of these techniques has its strengths and weaknesses, and their
effectiveness depends on the specific requirements of the GQA task and
the characteristics of the input data.

The integration of NLG techniques and Seq2Seq modeling in GQA
systems enables them to generate responses that are not only contex-
tually relevant but also syntactically and semantically coherent. By
leveraging these methodologies, GQA systems can produce human-like
answers to a wide range of questions, including those that require
complex reasoning or inference. However, these systems might face sig-
nificant challenges when dealing with complex or ambiguous queries.
For instance, they may struggle to correctly interpret the context or
meaning of a question when it is not clearly defined. This could lead to
errors in answering. For example, if a user asks, ‘Can you tell me how
to change a tire in my car?” without specifying the make or model,
the system might struggle to provide an accurate response, as different
cars require different methods. Similarly, when faced with ambiguous
queries that involve nuanced reasoning — such as ‘What should I
do if I'm feeling overwhelmed at work?” — the system might offer
generic advice that misses the specific needs of the user. In dynamic
or uncertain situations, such as real-time problem-solving, the system
might not always be able to adapt its answers quickly enough to remain
accurate.
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Furthermore, ongoing research and advancements in NLG and
Seq2Seq modeling continue to enhance the capabilities of GQA sys-
tems (Yao et al., 2024; Ji et al., 2023), making them increasingly
adept at understanding and generating natural language responses.
Recent advancements, including the release of models like ChatGPT-4
(2003) (Spennemann, 2023), PaLM 2 (2023) (Anil et al., 2023), and
Google’s Gemini (2024) (Team et al., 2023; Imran and Almusharraf,
2024), which offer enhanced reasoning abilities, better context manage-
ment, and greater adaptability, are expanding the capabilities of these
systems.

5.3. Applications

GQA systems are utilized across various domains (Izacard and
Grave, 2020), including conversational agents (Li et al., 2023), cus-
tomer support systems (Hardalov et al., 2018), virtual assistants (Reddy
et al., 2019), and educational platforms (Chheang et al., 2024). They
excel at producing human-like responses to open-ended queries and
facilitating natural language conversations. The applications of these
systems can be summarized as follows:

» Open-Domain Question Answering: GQA systems are employed
in open-domain QA tasks where users can pose questions on any
topic (Izacard and Grave, 2020), and the system retrieves relevant
information from large knowledge bases or text corpora. These
systems enable users to find answers to factual questions, explore
complex topics, and collect information from various sources.
Most importantly, they do all of this without any predefined
limitations.

Dialogue Systems: GQA models serve as crucial components in
dialogue systems (Serban et al., 2016b), enabling natural and
informative interactions between users and machines. In con-
versational settings, such as chatbots or virtual assistants, GQA
systems help to provide accurate and relevant responses to user
queries, contributing to seamless and engaging conversational
experiences.

Conversational Agents: GQA technology is integral to the devel-
opment of conversational agents or virtual assistants deployed in
various applications (Ramesh et al., 2017), including customer
service, IR, and personal assistance. By leveraging GQA capabili-
ties, conversational agents can understand user inquiries, retrieve
pertinent information from vast knowledge repositories, and de-
liver contextually appropriate responses, thereby enhancing user
satisfaction and productivity.

Dialogue systems and conversational agents are closely related
but differ in their scope and complexity. Dialogue systems are de-
signed for structured interactions, managing conversations through
predefined rules and patterns. They are often used for specific
tasks, such as customer service bots or automated booking sys-
tems, focusing on delivering targeted information efficiently. In
contrast, conversational agents are broader and aim for a more
natural and flexible interaction. They leverage advanced NLP and
ML to engage in more human-like conversations, capable of han-
dling a wide range of topics and learning from interactions. While
dialogue systems follow a more rigid structure, conversational
agents offer dynamic and adaptable communication, providing a
richer user experience.

Information Retrieval: GQA systems facilitate efficient IR by en-
abling users to pose natural language queries (Yin et al., 2015)
and receive precise answers from structured or unstructured data
sources. These systems are utilized in search engines, digital
libraries, and knowledge management platforms to streamline
the process of accessing relevant information and knowledge
resources.



A. Farea and F. Emmert-Streib

» Educational Platforms: GQA technology is integrated into educa-
tional platforms and e-learning environments to support learn-
ers in acquiring knowledge, clarifying concepts, and resolving
queries (Chheang et al.,, 2024). By providing instant access to
accurate information and explanations, GQA systems enhance the
effectiveness of online learning experiences and foster knowledge
acquisition across diverse educational domains.

Decision Support Systems: GQA models contribute to decision
support systems by assisting users in obtaining timely and rele-
vant information for decision-making processes (Hardalov et al.,
2018). In domains such as healthcare, finance, and business in-
telligence, GQA systems aid users in accessing critical insights,
analyzing data, and making informed decisions based on compre-
hensive knowledge and evidence.

Overall, the applications of GQA extend across various domains and
play a pivotal role in enhancing information access, communication,
and decision-making processes in both individual and organizational
contexts.

5.4. Evaluation scores and datasets

The evaluation scores and datasets associated with GQA encompass
a range of measures and datasets tailored to assess the performance of
GQA systems. Here is an overview of some key evaluation scores and
datasets:

1. Evaluation Scores:

+ Evaluation Scores: While F1 is a practical metric for Eval-
uative EQA, its effectiveness can vary depending on the
specific QA task due to different types of answers. Con-
ventional metrics such as CIDEr (Vedantam et al., 2015),
BLEU (Papineni et al., 2002), ROUGE-L (Lin, 2004), ME-
TEOR (Banerjee and Lavie, 2005), and F1 are often ade-
quate for common QA datasets (Chen et al., 2019). How-
ever, these metrics may limit the complexity of QA datasets
that can be effectively evaluated, particularly in free-form
QA scenarios where models can generate complex and
abstract responses. Therefore, there is a need for new eval-
uation metrics that go beyond n-gram-based comparisons.
Metrics such as BERTScore (Zhang et al., 2019), KPQA (Lee
et al., 2020), and others like perplexity (Klakow and Peters,
2002; Xiong et al., 2016), which evaluate the uncertainty
or unpredictability, fluency (Van Der Lee et al., 2019),
and relevance (Zhong et al., 2022) of generated answers
compared to human references, are becoming increasingly
important.

Conversational Question Answering(CoQA): CoQA (Reddy
et al., 2019) is a dataset designed for evaluating conversa-
tional QA systems. It consists of questions posed by humans
based on a provided passage, along with answers generated
by other humans. The dataset contains diverse question
types and requires systems to understand and generate
coherent responses in a conversational context.

These evaluation scores and datasets play a crucial role in assess-
ing the performance and capabilities of GQA systems. They provide
standardized measures and benchmark datasets that enable researchers
to compare different approaches, track progress, and identify areas for
improvement in the field of question answering.

5.5. Challenges and limitations
The GQA paradigm, while promising, encounters several challenges

and limitations (Yin et al., 2015; Pandya and Bhatt, 2021), primarily
revolving around context understanding, coherence, and data scarcity.
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» Context Understanding: GQA systems face challenges in com-
prehensively understanding the context of questions and docu-
ments (Song et al., 2017; Yin et al., 2015). Unlike simple keyword
matching approaches, GQA requires a deeper understanding of
the semantic meaning and context of the text to generate accurate
and coherent answers. Achieving this level of context understand-
ing remains a significant challenge, especially in tasks involving
complex or ambiguous queries.

Coherence: Generating coherent and contextually appropriate an-
swers (Wang et al., 2019) is another challenge for GQA systems.
While the models may be adept at producing grammatically
correct responses, ensuring that the generated answers are con-
textually relevant and coherent with the given question and sur-
rounding text remains a significant hurdle. Maintaining coherence
across longer responses or in scenarios with multiple possible
interpretations adds to the complexity.

Data Scarcity: GQA systems often require large amounts of high-
quality training data to learn effectively. However, obtaining such
data, particularly annotated datasets that capture the nuances of
language and context, can be challenging and expensive. Data
scarcity (Sufi, 2024) can limit the performance and generalization
capabilities of GQA models, particularly in domains or languages
with limited resources.

Hallucinations: Large Language Models (LLMs) possess impres-
sive capabilities but also face problems like hallucinations, slow
knowledge updates, and lack of transparency. Occasionally, they
give answers that are wrong, unrelated, misleading, or completely
made up, even though they might sound believable (Sriramanan
et al.,, 2024; Galitsky, 2025). These problems happen because
LLMs rely on finding patterns instead of truly understanding the
information they are working with Huang et al. (2023) and Zhang
et al. (2023). For example, LLMs store knowledge in their model
parameters, which come from big datasets. However, these mod-
els face some issues. First, they have difficulty keeping rare
or very specific knowledge. Second, because their parameters
cannot be updated quickly, the knowledge they have becomes
old. Also, if the model’s parameters are made larger to improve
performance, the cost of training and using it also increases. If an
LLM is trained on a small or non-diverse dataset, it might make
mistakes or give answers that do not match the real content. The
model might also miss important details, making its answers not
capture all the subtleties of a question or image (like in VQA
systems). These problems make things even worse. Hallucinations
can spread false information and make people trust LLMs less,
especially in important or sensitive situations.

A good solution for these challenges is Retrieval-Augmented Gener-
ation (RAG). This approach combines a parameterized model with
an external database that is not based on parameters, allowing
the model to get updated information from this database. This
makes LLMs more accurate and efficient without needing constant
updates to the model’s parameters.

RAG combines the best parts of both retrieval-based and gen-
erative models, ensuring that the answers the model gives are
accurate and based on real-world data (Lewis et al., 2020). In
RAG, the model first finds relevant information from a large
external knowledge source before giving an answer (Gao et al.,
2023). This step helps ensure that the answers are based on real,
factual sources, reducing the risk of hallucinations.

RAG also increases trust by citing its sources and allowing for
regular knowledge updates, which include specific information
for certain fields. It combines the knowledge stored in LLMs with
external databases, making it an important method for using
LLMs. Additionally, RAG helps reduce hallucinations by prevent-
ing the model from focusing too much on its training data and by
using a larger variety of knowledge sources.
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In addition to RAG, other methods are being explored to reduce
hallucinations in generative models. These include fact-checking
models that compare answers with reliable sources, using higher-
quality training data, and applying controlled text generation
methods that limit the model’s responses. Also, techniques like
RLHF, where human input is used to improve the model’s outputs
over time, have shown promise in improving accuracy (Augen-
stein et al., 2024; Atanasova, 2024). To sum up, even though
hallucinations are still a big challenge in GQA systems, combining
external retrieval methods with other advanced techniques brings
hope for building more accurate, reliable, and trustworthy Al
models.

Addressing these challenges requires advancements in natural lan-
guage understanding, model architectures, and training methodologies.
Techniques such as pre-training on large-scale datasets, fine-tuning on
domain-specific corpora, and incorporating external knowledge sources
can help improve context understanding and coherence in GQA sys-
tems. Additionally, research efforts focused on data augmentation,
transfer learning, and semi-supervised learning can mitigate the impact
of data scarcity, enabling GQA models to perform more effectively
across a range of tasks and domains.

5.6. Recent advancements and research trends

Recent advancements and research trends in GQA systems have seen
significant progress, particularly in enhancing the ability of models to
understand and generate human-like responses to questions posed in
natural language. Some notable advancements and research trends with
GQA include:

Deep Learning Architectures: There has been a growing focus
on developing more sophisticated deep learning architectures for
GQA systems. Models such as transformers, particularly variants
like BERT (Qu et al., 2019), LLaMA (Touvron et al., 2023) and
GPT (Klein and Nabi, 2019), have shown remarkable perfor-
mance in understanding and generating text, including answers
to questions.

Pre-training and Fine-tuning: Pre-training large language models
on vast amounts of text data followed by fine-tuning on specific
QA tasks has become a common practice (Chang et al., 2023).
This approach has led to significant improvements in the perfor-
mance of GQA systems by leveraging the vast amount of linguistic
knowledge encoded in pre-trained models.

Multi-hop Reasoning: Recent research has focused on enhanc-
ing the reasoning capabilities of GQA systems, particularly in
scenarios that require multi-hop reasoning (Liu et al., 2020a).
These advancements enable models to integrate information from
multiple passages or documents to derive answers that require
complex inference and reasoning.

Semantic Understanding: Efforts have been made to enhance the
semantic understanding capabilities of GQA systems (Wang et al.,
2019). This includes incorporating techniques from NLU to enable
models to grasp the nuanced meanings of questions and provide
more accurate and contextually relevant answers (Liu et al., 2019;
Niu et al., 2021).

Multimodal Integration: Another emerging trend is the integra-
tion of multimodal information (Bang et al., 2023; Ben-Younes
et al., 2017; Singh et al., 2021a), such as combining text with
images or other types of data. Multimodal GQA systems aim to
answer questions that require understanding both textual and vi-
sual information, leading to more comprehensive and informative
responses.

Evaluation and Benchmarking: There is ongoing research into
developing standardized evaluation benchmarks and scores for
assessing the performance of GQA systems. This includes creating

11

Engineering Applications of Artificial Intelligence 156 (2025) 110997

datasets with diverse question types, linguistic complexities, and
reasoning requirements to provide a comprehensive evaluation of
model capabilities (Chen et al., 2019; Yin et al., 2015).

Ethical and Fairness Considerations: As GQA systems become
more sophisticated and widely deployed, there is increasing
awareness of ethical considerations and biases inherent in these
systems (Hua et al.,, 2024). Research efforts are underway to
address issues related to fairness, transparency, and accountabil-
ity in GQA models to ensure equitable outcomes and mitigate
potential biases.

Overall, recent advancements and research trends with GQA sys-
tems have been transformative, paving the way for more robust, in-
telligent, and human-like QA capabilities across various domains and
applications.

6. Visual question answering (VQA)
6.1. Definition and characteristics of VQA systems

Definition 3. VQA systems represent a fusion of computer vision
and NLP techniques, enabling machines to comprehend and respond
to questions about visual content, such as images or videos.

VQA involves the analysis of an image (/) along with a posed ques-
tion (Q), as illustrated in Fig. 2. The process starts with the input of both
the image and question (7, Q), as outlined in algorithm 3. The image is
encoded into a visual representation (V'), which is then combined with
the question. Subsequently, this combined representation is decoded to
derive an answer (A). This process is mathematically represented as:

VQA(I,Q) = arg mjlx P(A|I,Q)

where P(A|I, Q) denotes the probability of (A) being the correct answer
given (I) and (Q). Essentially, the aim in each instance is to maximize
the probability of obtaining the correct answer based on the provided
inputs. This formalism captures the essence of various QA types by
emphasizing probabilistic inference from the given data.

Algorithm 3 VQA(Z, Q)
Input: Image I, Question Q
Output: Generated answer A

: V « Encodelmage(/)

: Q_encoded «— EncodeQuestion(Q)
: R « Combine(V, Q_encoded)

: A < empty sequence

: while - IsComplete(A) do

a; < GenerateNextToken(R, A)
Append q; to A

: end while

. return A

O PN U S WN

Overall, VQA encodes the image and question into their respective
representations, combines them, and generates the answer token by
token based on the combined representation.

As an example, let us envision an image described below, paired
with a corresponding question:

I: A photograph showing a cat sitting on a mat.

Q: What is the animal in the picture doing?

Here, The VQA process begins by taking the image and the question
as input, employing computer vision techniques to extract relevant
features from the image while simultaneously analyzing the question to
comprehend its context and intent. Subsequently, the system generates
an answer, leveraging both the visual content of the image and the
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question posed. For example, it might produce the answer “The animal
in the picture is sitting”. This instance demonstrates how VQA seam-
lessly integrates image analysis with NLP to address inquiries about
visual content, with potential applications ranging from aiding visually
impaired individuals to improving image search engines and enabling
interactive assistance in augmented reality contexts

On other words, VQA systems are characterized by several distinc-
tive features. They go beyond simple object recognition by aiming
to understand the semantics of both visual content and the ques-
tions posed by users, interpreting context, relationships, and attributes
within the visual input to generate accurate answers. These systems
employ multimodal fusion techniques (Ben-Younes et al., 2017; Fukui
et al., 2016; Lao et al., 2021; Gao et al., 2018) to integrate visual and
textual information, combining image understanding with NLP. This
approach allows VQA systems to achieve a comprehensive grasp of the
input data and effectively handle diverse types of questions and visual
content (Ben-Younes et al., 2017; Yu et al., 2018).

VQA systems are applied in various domains such as image and
scene understanding (Goyal et al., 2017; Biten et al., 2019), assistive
technology (Azuma et al., 2022; Biten et al., 2019), and content-based
image retrieval (Yu et al.,, 2020), facilitating tasks like image cap-
tioning, visual reasoning, and improving accessibility for the visually
impaired. Overall, they represent a significant advancement in AI and
NLP, enabling machines to comprehend and respond to questions about
visual content in a manner that mimics human-like understanding and
paving the way for further research and development.

6.2. Methodologies

The methodologies employed in VQA systems encompass a range
of techniques aimed at integrating multiple modalities, such as text
and images, to generate answers to questions. Three key methodolo-
gies commonly utilized in VQA systems are multimodal fusion, image
captioning, and attention mechanisms.

» Multimodal Fusion: Multimodal fusion techniques (Cadene et al.,
2019; Ben-Younes et al., 2017; Lu et al., 2023) involve the in-
tegration of information from different modalities, such as text
and images, to facilitate a deeper understanding of the content.
In VQA systems, multimodal fusion enables the combination of
textual questions with visual inputs to generate accurate and
contextually relevant answers. Various fusion strategies, including
early fusion (combining modalities at the input level) and late
fusion (integrating modalities at a higher representation level),
are employed to effectively merge information from different
sources.

Image Captioning: Image captioning (Anderson et al., 2018) is a
technique commonly utilized in VQA systems to generate textual
descriptions or captions for images. In the context of QA, image
captioning enables the generation of answers based on the visual
content depicted in images. VQA systems leverage pre-trained
image captioning models, such as those based on CNNs and RNNs,
to generate descriptive captions for images, which can then be
used to derive answers to questions about the visual content.
Attention Mechanisms: Attention mechanisms (Vaswani et al.,
2017) play a crucial role in VQA systems by enabling the model
to focus on relevant regions or features within the input data (Lu
et al.,, 2023). In the context of multimodal question answering,
attention mechanisms allow the model to dynamically allocate
attention to relevant words in the question and salient features in
the visual input. By attending to informative regions or features,
attention mechanisms enhance the model’s ability to generate
accurate and contextually relevant answers. Various attention
mechanisms, such as self-attention (Liu et al., 2021) and cross-
modal attention (Gong et al., 2021), are employed to capture

12

Engineering Applications of Artificial Intelligence 156 (2025) 110997

dependencies between different modalities and facilitate effective
information integration.

Additionally, VQA involves a combination of various deep learn-
ing architectures tailored to handle both visual and textual data.
Here, we will delve into three key techniques commonly used in
VQA:

Convolutional Neural Networks: CNNs have been instrumental in
processing visual data, particularly images (Chen et al., 2015b).
In the context of VQA, CNNs are employed for extracting visual
features from images. These networks consist of convolutional
layers that learn hierarchical representations of visual features,
capturing information such as edges, textures, and object shapes.
Pre-trained CNN models like ResNet, VGG, or Inception are often
used as feature extractors in VQA pipelines to encode images
into a fixed-dimensional feature representation, which can then
be combined with textual features for QA.

Recurrent Neural Networks: RNNs including variants like Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU),
are commonly used for processing sequential data such as textual
inputs (Manmadhan and Kovoor, 2020). In VQA, RNNs (Osman
and Samek, 2019) are utilized to process and encode textual
questions. They capture the sequential dependencies and seman-
tic information present in the questions, enabling the model to
understand the context and generate meaningful representations.
RNNs can be integrated with CNNs through techniques like at-
tention mechanisms or multimodal fusion to combine visual and
textual information effectively for answering questions.
Graph-Based Models: Graph-based models have gained promi-
nence in VQA tasks, especially in datasets like GQA (Hudson and
Manning, 2019; Liang et al., 2021), which require reasoning over
structured knowledge graphs. These models represent the rela-
tionships between entities (objects, attributes, and relations) in
the scene using graph structures. Graph Convolutional Networks
(GCNs) or Graph Attention Networks (GATs) are employed to per-
form reasoning and inference over these graphs. By propagating
information across nodes and edges in the graph, these models
can infer complex relationships and dependencies, enabling ac-
curate answering of questions that involve spatial, relational, or
compositional reasoning.

In summary, techniques for VQA involve leveraging the capabilities
of CNNs for visual feature extraction, recurrent networks for processing
textual inputs, and graph-based models for reasoning over structured
knowledge representations. By integrating these techniques, VQA sys-
tems can effectively combine visual and textual information to provide
accurate and contextually relevant answers to questions about images.
The methodologies for VQA systems, including multimodal fusion (Ca-
dene et al.,, 2019; Ben-Younes et al., 2017; Lu et al., 2023), image
captioning (Anderson et al., 2018), and attention mechanisms (Liu
et al, 2021; Gong et al.,, 2021), enable the integration of textual
and visual information to generate accurate and contextually relevant
answers to questions across diverse domains. These techniques play a
crucial role in advancing the capabilities of QA systems and facilitating
effective communication between humans and machines.

6.3. Applications

The dataset for real-world visual reasoning and compositional QA,
such as Gqa dataset (Hudson and Manning, 2019), along with all
possible associated systems, finds applications in various domains.
It primarily leverages its capabilities in image understanding, scene
understanding, and assistive technology.

» Image Understanding: VQA enables machines to comprehend im-
ages by answering questions related to their content (Ben-Younes
et al., 2017; Cadene et al., 2019). This application finds utility in
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fields (Wu et al., 2017) like image recognition, where systems can
accurately identify objects, people, or scenes depicted in images.
For example, a VQA system can answer questions like ‘“What
objects are present in the image?” or “How many people are in
the picture?” This functionality is vital in image search engines,
content moderation systems, and automated image annotation
tools.

Scene Understanding: VQA systems extend their capabilities be-
yond recognizing individual objects to understanding the context
and relationships within a scene (Azuma et al., 2022; Biten et al.,
2019). By answering questions about scenes depicted in images,
these systems can infer higher-level concepts such as spatial rela-
tionships, actions, and interactions between objects. For instance,
a VQA system can answer questions like “What is happening
in the scene?” or “How are the objects positioned relative to
each other?” This capability is valuable in applications such as
autonomous driving, robotics, and surveillance systems.
Assistive Technology: VQA can serve as a valuable tool in as-
sistive technology (Das et al., 2019) for individuals with visual
impairments or disabilities. By answering questions about visual
content, VQA systems can provide auditory (Li et al., 2022) or
textual descriptions of images to assist users in understanding
their surroundings (Antol et al., 2015). For example, a visually
impaired person can use a VQA-powered mobile app to take a
picture and ask questions like “What objects are in front of me?”
or “Where is the nearest exit?” This application enhances acces-
sibility and independence for individuals with visual disabilities,
empowering them to navigate and interact with the environment
more effectively.

In summary, VQA systems have diverse applications in image under-
standing, scene understanding, and assistive technology, enabling tasks
ranging from object recognition and scene interpretation to providing
visual assistance for individuals with disabilities. These applications
demonstrate the versatility and utility of VQA systems across various
domains and highlight their potential to address real-world challenges
in visual perception and HCIL

6.4. Evaluation scores and datasets

Evaluation scores and datasets play a crucial role in assessing the
performance and benchmarking of QA systems, GQA, VQA (Antol et al.,
2015), COCO-QA (Ren et al., 2015), and VizWiz (Gurari et al., 2018;
Rocktéschel et al., 2015), more datasets can be found in Sharma and
Jalal (2021) and Kafle and Kanan (2017b). These datasets are designed
to evaluate the generalization capabilities of QA systems across diverse
visual and semantic concepts. It contains images annotated with com-
plex questions that require understanding of both visual content and
underlying semantics. more datasets can be found in [ 78, 173 ]. Here’s
an overview of evaluation scores and datasets for each of these QA
tasks:

1. Visual Question Answering (VQA):

+ Datasets: VQA datasets typically include images paired
with questions and corresponding answers. Common
datasets include VQA v1 (Antol et al., 2015) and v2 (Goyal
et al., 2017), VizWiz (Gurari et al., 2018; Rocktaschel et al.,
2015), and CLEVR (Johnson et al., 2017). VQA v1 and
v2 consist of open-ended questions with multiple-choice
answers, covering a variety of image categories.

Evaluation Scores: For testing purposes as outlined by An-
tol et al. (2015), two answering modalities are provided:
open-answer and multiple-choice. In the open-answer task,
responses are evaluated for accuracy based on the agree-
ment of at least three human responses, with adjustments
for lowercase formatting, numeric representation, and

13

Engineering Applications of Artificial Intelligence 156 (2025) 110997

punctuation removal. Soft scores like Word2Vec are
avoided due to their tendency to conflate distinct terms.
For the multiple-choice task, 18 answer options are created
for each question. The accuracy of chosen options is deter-
mined by human response agreement, scaled and clipped
similarly to the open-answer task. Candidate answer sets
are derived from correct, plausible, popular, and random
sources to ensure varied and challenging choices.

2. COCO-QA (Common Objects in COntext QA):

« Dataset: COCO-QA dataset (Ren et al., 2015) is based on
the COCO image dataset and consists of images with asso-
ciated questions and answers. The questions cover various
aspects of the image content, such as object recognition,
spatial relationships, and scene understanding.

Evaluation Scores: The Wu-Palmer Similarity (WUPS), in-
troduced (Wu and Palmer, 1994), emerged as an alterna-
tive evaluation scores to accuracy in the work by Mali-
nowski and Fritz (2014). It aims to gauge the disparity be-
tween a predicted answer and the ground truth by assess-
ing their semantic correspondence. WUPS assigns a value
between 0 and 1 to indicate their similarity, relying on
the concept of the least common subsumer and traversing
the semantic tree to measure their closeness. Unlike accu-
racy, WUPS penalizes semantically similar but not identical
words to a lesser extent. For instance, ‘bald eagle’ and
‘eagle’ would score 0.96 in similarity, while ‘bald eagle’
and ‘bird’ would score 0.88. Nonetheless, WUPS sometimes
assigns relatively high scores even to distant concepts, as
seen in the example of ‘raven’ and ‘writing desk’ with a
score of 0.4. To address this issue, Malinowski and Fritz
(2014) proposed a modification to WUPS, suggesting a
thresholding mechanism. Scores below a specified thresh-
old are adjusted by a scaling factor. They recommended a
threshold of 0.9 and a scaling factor of 0.1. This refined
version of WUPS has become the standard measure for as-
sessing performance on datasets like DAQUAR (Malinowski
and Fritz, 2014) and COCO-QA, alongside simple accuracy.

3. VizWiz:

« Dataset: VizWiz dataset focuses on VQA for visually im-
paired users. It comprises images captured by blind in-
dividuals along with questions related to the image con-
tent. The questions often require reasoning about everyday
scenes and objects.

Evaluation Scores: The VizWiz dataset utilizes four evalu-
ation scores: Accuracy (Antol et al., 2015), CIDEr (Vedan-
tam et al., 2015), BLEU (Papineni et al., 2002), and ME-
TEOR (Banerjee and Lavie, 2005). While Accuracy is par-
ticularly useful for single-word answers, it falls short when
dealing with the dataset’s abundance of multi-word re-
sponses. In such instances, the image description scores
introduced by Chen et al. (2015a), tailored for assessing
longer phrases or sentences, are deemed more suitable.

In summary, evaluation scores and datasets for VQA, COCO-QA, and
VizWiz are essential for assessing the performance and generalization
capabilities of QA systems across various domains and modalities.
These datasets provide valuable resources for benchmarking QA models
and advancing research in the field of question answering.

6.5. Challenges and limitations

The VQA task presents several challenges and limitations that im-
pact its performance and effectiveness. These challenges primarily
revolve around semantic understanding, commonsense reasoning, and
dataset biases:
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» Semantic Understanding: VQA systems often struggle with un-
derstanding the nuanced semantics of natural language ques-
tions (Shah et al., 2019a). While they may excel at basic keyword
matching and syntactic analysis, deeper semantic understanding
remains a significant challenge. This limitation can lead to in-
accuracies and misunderstandings, particularly when questions
involve complex or ambiguous language. For example, if the
question is “What is the man holding?” the system might fail to
identify the object when the person in the image is holding up
their goggles. It may also make incorrect guesses based on the
surrounding context, which would need to be corrected through
further explanation. This issue occurs because the question may
be vague, there may not be enough context, or the system might
struggle to grasp subtle details from other parts of the image.
Commonsense Reasoning: Many questions in the VQA task require
reasoning beyond explicit information provided in the text, es-
pecially those questions that require multi-step reasoning or an
understanding of spatial relationships. They necessitate the appli-
cation of commonsense knowledge and reasoning abilities (Ravi
et al., 2023) to derive correct answers. VQA systems often lack
robust commonsense reasoning capabilities, which can result in
incorrect or nonsensical responses to questions that require im-
plicit knowledge or logical inference. This issue arises because
many VQA models lack advanced reasoning capabilities and tend
to focus too much on basic image features, causing them to
overlook the more complex relationships within the image.
Dataset Biases: VQA systems encounter several challenges, includ-
ing a lack of world knowledge and common sense, which leads to
incorrect answers when external understanding is required. Biases
in training data can result in biased responses, such as incorrectly
assuming a woman is in the kitchen based on skewed training
images. VQA datasets are particularly vulnerable to biases intro-
duced during data collection or annotation, which can appear
as imbalanced question distributions, over-representation of cer-
tain answer types, or unclear annotations (Manjunatha et al.,
2019). These biases can negatively impact the performance of
VQA systems, causing them to favor biased solutions instead
of demonstrating true understanding or reasoning abilities. Ad-
ditionally, VQA systems often struggle with fine-grained visual
understanding, leading to misidentifications of similar objects,
such as apples and oranges. Furthermore, over-reliance on image-
text matching can cause errors, like associating the color of a dog
with the dominant background color instead of the dog itself.

Addressing these challenges and limitations requires advancements
in NLU, commonsense reasoning, and dataset curation techniques.
Researchers are actively exploring novel approaches, such as incor-
porating external knowledge sources, developing more sophisticated
reasoning models, and implementing bias mitigation strategies, to im-
prove the performance and robustness of VQA systems. Additionally,
ongoing efforts to create more diverse and balanced datasets can help
mitigate biases and promote the development of more reliable and
inclusive VQA models.

6.6. Recent advancements and research trends

Recent advancements and research trends with VQA have seen
significant progress in enhancing the performance and capabilities of
VQA systems. GQA is a large-scale dataset designed to evaluate the
reasoning abilities of VQA models by posing questions about images.
Here are some key recent advancements and research trends with VQA:

» Multimodal Reasoning: One of the primary research trends with
VQA is advancing multimodal reasoning capabilities. Researchers
(Wang et al., 2023; Sima et al., 2024; Wang et al., 2020b; Nourali
and Dolkhani, 2024) are exploring techniques to enable models
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to reason jointly across different modalities, such as images and
text, to answer complex questions that require understanding
both visual and textual information, especially those that involve
multi-step reasoning and question decomposition.

Semantic Understanding: Recent research has focused on improv-
ing the semantic understanding (Shah et al., 2019a) of questions
and images within the GQA dataset. This involves developing
models capable of capturing the nuanced relationships between
objects, attributes, and spatial configurations within images, en-
abling more accurate and contextually relevant answers.
Attention Mechanisms: Attention-based mechanisms, such as
visual-linguistic attention or dual self-attention (Liu et al., 2021;
Gong et al., 2021) play a crucial role in VQA systems by allow-
ing models to focus on relevant regions of an image or words
in a question when generating answers. Recent advancements
have explored novel attention mechanisms tailored to the spe-
cific challenges posed by the VQA dataset, leading to improved
performance and interpretability.

Transfer Learning: Transfer learning techniques (Abacha et al.,
2019) have gained prominence in VQA research, leveraging pre-
trained models on large-scale image and language datasets to
bootstrap performance on the GQA task. Fine-tuning strategies
and architectural adaptations have been explored to adapt pre-
trained models to the nuances of the GQA dataset effectively.
Additionally, incorporating external knowledge — such as knowl-
edge graphs, pre-trained language models, or common sense rea-
soning modules — enables the VQA system to answer questions
that require knowledge beyond the training data (Gardeéres et al.,
2020).

Explainability and Interpretability: With the increasing complex-
ity of VQA models, there is growing interest in enhancing the
explainability (Li et al.,, 2018) and interpretability (Cao et al.,
2019) of model predictions on the VQA task. Recent research
has focused on developing techniques to generate human-under
standable explanations for model decisions, enabling users to
understand how and why a particular answer was generated.
Dataset Expansion and Benchmarking: Continuous efforts are un-
derway to expand the VQA dataset and introduce new bench-
marks that reflect real-world challenges in VQA (Masry et al.,
2022; Wu et al., 2017). These efforts include creating more di-
verse, balanced, and representative datasets, applying data aug-
mentation techniques, developing complex question-answer pairs,
and introducing adversarial examples to evaluate model robust-
ness.

Overall, recent advancements and research trends with VQA have
propelled the development of more sophisticated and capable VQA
systems, paving the way for applications in areas such as image un-
derstanding, scene understanding, and HCI.

7. Comparison of QA paradigms

EQA, GQA, and VQA paradigms represent different approaches to
answering questions, each with distinct methodologies, and applica-
tions as summarized in Table 1.

EQA systems rely on retrieving answers directly from a given corpus
of text or data through keyword matching and document retrieval
techniques. These systems use methods such as keyword matching, doc-
ument retrieval, and pattern recognition to identify and extract relevant
information from textual data. EQA systems are suitable for tasks like
IR, fact-checking, document summarization, and search engines, where
the goal is to extract specific information from text sources.

GQA systems, on the other hand, generate answers to questions
using NLG techniques. They often synthesize information from var-
ious sources or understand and reason about the question context.
GQA systems employ natural language understanding, generation, and
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Table 1
Comparison of EQA, GQA, and VQA Systems - Methodologies and applications.

System type Methodologies Applications

EQA Uses keyword matching, document retrieval, and pattern recognition to Well-suited for applications such as IR, factual-question an, document
extract answers directly from a text corpus. These methods focus on summarization, and search engines, where precise information extraction
identifying and retrieving specific information based on exact or from text is essential.
pattern-based matches within the text.

GQA Leverages NLU, generation, and reasoning to synthesize answers from Primarily used in chatbots, virtual assistants, dialogue systems, and
multiple sources or interpret the context of the question. Techniques customer service platforms, where producing contextually appropriate,
include understanding the question, generating relevant responses, and human-like responses is crucial.
ensuring coherence and contextual accuracy.

VQA Combines computer vision and natural language processing to answer Applied in fields like image captioning, content-based image retrieval,

questions about images or visual content. This involves image processing,
feature extraction, deep learning, and multimodal fusion to interpret visual
data and generate textual answers based on both visual and textual inputs.

visual assistance for the visually impaired, autonomous vehicles, and
medical image analysis, enabling users to query visual content and receive
relevant, context-based responses.

reasoning techniques to comprehend the question context, generate
answers, and ensure coherence and relevance. These systems are com-
monly used in applications such as chatbots, virtual assistants, dialogue
systems, and customer service platforms, where natural language un-
derstanding and generation are essential for providing human-like
responses.

VQA systems answer questions about images or visual content by
combining computer vision techniques with NLP to understand both
the visual input and the textual question. VQA systems utilize image
processing, feature extraction, deep learning, and multimodal fusion
techniques to analyze visual content, understand the question, and
generate appropriate textual answers. They are used in areas like
image captioning, content-based image retrieval, visual assistance for
the visually impaired, autonomous vehicles, and medical image anal-
ysis, enabling users to ask questions about visual content and receive
relevant answers.

In summary, EQA, GQA, and VQA paradigms offer different ap-
proaches to question answering, each tailored to specific domains and
applications. While EQA systems excel at extracting information from
text, GQA systems focus on generating coherent responses, and VQA
systems handle questions about visual content by integrating image
understanding with NLP. Understanding the methodologies, and appli-
cations of these paradigms is crucial for designing effective question-
answering systems for various tasks and domains.

7.1. The strengths and weaknesses of each paradigm

Extractive Question Answering (EQA) systems have several
strengths and weaknesses. Among their strengths, EQA systems are
often computationally efficient since they rely on simple keyword-
matching techniques to extract answers directly from the text corpus.
This makes them transparent, as the extracted answers come directly
from the source text, providing traceability in the IR process. Addition-
ally, EQA systems are well-suited for answering fact-based questions
where the answer is explicitly stated in the text corpus. However, EQA
systems also have weaknesses. They have a limited understanding of
the context or semantics of the text, which can result in inaccuracies
when answering questions that require deeper comprehension. They
struggle with answering questions that are ambiguous or require rea-
soning beyond simple keyword matching. Furthermore, the accuracy
of EQA systems heavily depends on the quality and relevance of the
text corpus, with inaccuracies or biases in the source text potentially
leading to erroneous answers.

Generative Question Answering (GQA) systems also come with their
own set of strengths and weaknesses. In terms of strengths, GQA
systems have the ability to understand context and semantics, allowing
them to generate answers that go beyond simple extraction. They are
flexible and capable of generating answers to a wide range of ques-
tions, including those that require reasoning, inference, or synthesis
of information from multiple sources. GQA systems are also better
equipped to handle ambiguous questions by leveraging contextual cues
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and linguistic knowledge. On the downside, building and training GQA
systems can be complex and resource-intensive due to the need for
advanced NLU and generation techniques. They often require large
amounts of annotated training data to learn the complex patterns and
relationships in natural language. Additionally, the generated answers
may lack transparency, making it challenging to understand how the
system arrived at a particular response.

VQA systems integrate visual information from images or videos
with textual queries, enabling them to answer questions that involve
both visual and textual context. This multimodal understanding is one
of their strengths, allowing them to provide richer and more informa-
tive answers by leveraging visual cues and context in addition to textual
information. VQA systems have applications in image understanding,
scene understanding, and assistive technologies, making them versatile
tools for various domains. However, VQA systems also face challenges.
Processing and understanding visual information is inherently more
complex than text, requiring sophisticated computer vision techniques
and models. Integrating visual and textual information effectively poses
challenges in terms of data representation, fusion techniques, and
model architecture design. Moreover, VQA systems often require large-
scale datasets with paired visual and textual information for training,
which may be limited or expensive to obtain.

Overall, each paradigm has its pros and cons as shown in Table 2,
and the choice of approach depends on the specific requirements and
constraints of the task at hand.

7.2. Trade-offs and considerations for selecting the appropriate QA ap-
proach

When selecting the appropriate QA approach, various trade-offs
and considerations should be taken into account. These include task
requirements, accuracy and efficiency, data availability and quality,
interpretability, scalability, domain and language specificity, as well as
ethical and bias considerations, as delineated in Table 3.

Understanding the specific requirements of a QA task is crucial. It is
important to consider whether the task involves answering fact-based
questions, generating novel responses, handling multimedia inputs, or
understanding complex contexts. Different QA approaches may be more
suitable for different types of tasks.

Moreover, there are trade-offs between accuracy and efficiency in
QA systems. GQA may offer more accurate and contextually relevant
answers, but they often require more computational resources and
time for training and inference. Conversely, EQA may sacrifice some
accuracy for efficiency, providing quick and straightforward answers.

Furthermore, the availability and quality of training data play a
significant role in selecting the appropriate QA approach. GQA typically
require large amounts of high-quality training data to learn to generate
accurate responses, while EQA may be more robust to data scarcity and
noise, relying on matching existing information.

Considerably, the interpretability of the QA system’s outputs is
crucial, especially in critical applications where understanding the rea-
soning behind the answers is essential. GQA may offer more transparent
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Table 2
The pros and cons of QA paradigms.
QA Type Pros Cons
EQA Efficiency: Efficient in terms of computation due to its Limited Understanding: Lacks deep contextual
reliance on basic keyword matching techniques. comprehension or semantic reasoning.
Transparency: Provides answers directly sourced from Struggles with ambiguity: Has difficulty handling
the text. ambiguous questions or those requiring higher-level
Suitability for factual questions: Ideal for answering reasoning beyond keyword matching.
straightforward factual questions where answers are Text Quality Dependence: Accuracy is highly dependent
clearly stated in the text corpus. on the quality and relevance of the input text corpus.
GQA Contextual comprehension: Capable of understanding Complexity: Developing and training GQA systems is
context and semantics in a more nuanced way. resource-intensive and complex.
Flexibility: Can handle a broad range of queries, Data needs: Requires large annotated datasets for
including those needing reasoning, inference, or synthesis training.
from multiple sources. Lack of interpretability: Generated responses may lack
Ambiguity resolution: More adept at addressing transparency, making it difficult to understand the
ambiguous questions by utilizing contextual and linguistic reasoning behind the system’s answers.
cues.
VQA Multimodal capability: Can process both visual and Challenges in visual understanding: Requires advanced

textual data simultaneously.

Enhanced Understanding: Provides richer, more detailed

answers by incorporating visual context alongside text.
Applications in visual contexts: Particularly effective

for tasks involving image interpretation, scene
understanding, and assistive technologies.

computer vision techniques for accurate interpretation of
visual data.

Integration issues: Effectively merging visual and textual
data presents significant challenges.

Data constraints: Needs large, high-quality datasets with
paired visual and textual information, which may be
scarce or costly to obtain.

Table 3
Key considerations and trade-offs in selecting the appropriate QA approach.

Aspect Explanation

Task requirements

It is crucial to understand the specific requirements of the QA task. This involves determining whether the task requires answering

factual questions, generating novel responses, handling multimodal inputs, or understanding complex contexts. The selection of the QA
approach should be aligned with the task type, as different methods excel in different contexts.

Accuracy vs. Efficiency

There is an inherent trade-off between accuracy and efficiency in QA systems. GQA often produce more precise and contextually

relevant answers, but they typically require more computational resources and time for both training and inference. EQA, on the other
hand, prioritize efficiency, providing quicker, more straightforward answers at the cost of some accuracy.

Data availability and Quality

The performance of QA approaches is strongly influenced by the quality and availability of training data. GQA, which create answers

from scratch, require large, high-quality datasets to perform effectively. EQA can be more robust in data-scarce or noisy environments,
as they rely on selecting relevant information from existing text rather than generating new content.

Interpretability

The ability to interpret answers produced by QA systems is especially important in critical contexts. GQA, which directly produce

responses, can offer clearer outputs, while EQA, relying on ranking or matching algorithms, may be less transparent.

Scalability

Scalability is a critical factor, particularly in systems that handle large volumes of data or respond to real-time queries. It is crucial to

assess if the chosen QA approach can adapt efficiently to expanding data sizes and rising user demands while maintaining optimal

performance.
Domain and language specificity

Different QA approaches may excel in particular domains or languages due to variations in vocabulary, syntax, or semantics. Assess the

domain knowledge necessary for training and refining QA models, and evaluate if the chosen approach can generalize effectively across

diverse domains or languages.
Ethical and bias considerations

Ethical considerations, including fairness, bias, and transparency, should be central in selecting a QA approach. It is important to

examine potential biases in the training data and model responses, ensuring that the chosen method minimizes bias and promotes

fairness and inclusivity in its outputs.

outputs by explicitly generating responses, whereas EQA may provide
answers based on opaque ranking or matching algorithms.

Additionally, scalability is another important consideration, espe-
cially for applications processing large data volumes or handling real-
time queries. It is crucial to evaluate whether the selected QA approach
can effectively scale to accommodate growing data sizes and increasing
user demands without compromising performance.

Moreover, certain QA approaches may perform better in specific
domains or languages due to differences in vocabulary, syntax, or
semantics. It is important to consider the domain expertise required for
training and fine-tuning QA models and whether the selected approach
can generalize well across different domains or languages.

Lastly, ethical considerations such as fairness, bias, and trans-
parency should be evaluated in the QA process. It is essential to assess
potential biases in the training data and model outputs and ensure
that the selected approach mitigates bias and promotes fairness and
inclusivity

By carefully weighing these trade-offs and considerations, stake-
holders can select the most appropriate QA approach that aligns with
their specific requirements, constraints, and ethical considerations.
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8. Challenges and future directions
8.1. Common challenges across EQA, GQA, and VQA

While EQA, GQA, and VQA each target different domains, they
share several fundamental challenges related to NLU, multi-modal data
integration, and the generation of reliable answers. Below are key
challenges that span these paradigms:

1. Semantic Understanding and Contextual Awareness: Under-
standing the semantic meaning of questions, along with the
context in which they arise, is a critical challenge. For example,
even slight differences in phrasing or ambiguous terms can lead
to significantly different interpretations of a question. This chal-
lenge becomes more complex when questions are posed across
different modalities (text, images, or videos). The ability to
discern context and intent from complex or imprecise language
remains a foundational hurdle.

2. Handling Ambiguity and Variability: Natural language is inher-
ently ambiguous, and this poses a problem for QA systems, par-
ticularly when the input data is noisy or unstructured. Ambiguity
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may be lexical (same word having different meanings), syntac-
tic (ambiguous sentence structure), or semantic (interpretation
depending on context). Systems must be robust enough to dis-
ambiguate these variations to generate accurate answers. More-
over, different languages, dialects, or cultural contexts further
exacerbate these challenges.

3. Cross-Modal Integration: Particularly for VQA and GQA, the
challenge of integrating visual data with textual input is pro-
nounced. In VQA, for instance, answering a question about
an image requires bridging the gap between visual and tex-
tual modalities. Extracting relevant visual features (e.g., objects,
scenes, spatial relations) and aligning them with the textual
content requires novel methods for joint multimodal represen-
tations. This issue also extends to GQA, where generalization
across different domains may demand more advanced tech-
niques for aligning knowledge graphs or structured information
with unstructured data sources.

4. Scalability and Computational Efficiency: As datasets grow
larger and more diverse, scalability becomes an essential con-
cern. Both EQA and GQA systems must be capable of processing
vast amounts of data quickly while maintaining accuracy. Effi-
cient indexing, retrieval, and inference algorithms are necessary
to ensure that performance does not degrade as the scope of
questions or the scale of the knowledge base increases.

5. Robustness to Errors and Noisy Inputs: Many QA systems en-
counter noisy, incomplete, or erroneous inputs. For example, in
EQA, questions may contain spelling mistakes or poorly struc-
tured sentences. In VQA, images may contain occluded objects or
unusual scenes. QA systems must be resilient to such noise while
providing answers that are both accurate and reasonable. Ensur-
ing systems remain reliable in real-world, dynamic environments
is a challenge that extends across all QA paradigms.

6. Hallucination in Responses: Hallucination, or the generation of
incorrect or fabricated answers (Huang et al., 2023; Zhang et al.,
2023), is particularly problematic for LLM-driven systems, which
are often used in EQA, GQA, and VQA tasks. When LLMs or
other neural models infer answers without proper grounding or
reasoning over the available data, they can produce misleading
results. This issue is critical for maintaining the credibility and
trustworthiness of QA systems in applications where factual
accuracy is paramount.

7. Evaluation Metrics and Performance Assessment: Assessing the
performance of QA systems goes beyond traditional metrics like
accuracy or F1 score. In complex systems like GQA or VQA,
where answers may vary in complexity, creativity, or abstrac-
tion, new evaluation metrics are needed. These should account
for system understanding of nuanced questions, reasoning abil-
ities, and the quality of the answer in the given context, rather
than merely evaluating whether a “correct” answer is given.

Addressing these challenges requires advancements in NLP, com-
puter vision, knowledge representation, and ML techniques. Interdisci-
plinary research efforts focusing on these areas can lead to more robust
and effective question-answering systems across different modalities.

8.2. Exploring emerging trends, opportunities, and open questions in QA
research

Emerging trends and opportunities in QA research are continually
shaping the field, offering novel avenues for exploration and inno-
vation. Moreover, the open research questions and areas for future
exploration in the field of QA systems encompass a wide range of
topics aimed at advancing these systems’ capabilities, effectiveness, and
applicability. Some key areas for notable trends and opportunities and
further investigation include:
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» Improving Contextual and Semantic Understanding: Improving
semantic understanding in both structured and unstructured con-
texts is critical. Future research can delve into advanced pre-
trained language models that better capture the nuances of con-
textual information. Neuro-symbolic reasoning, which combines
symbolic logic with neural networks, could be a key technique for
ensuring deeper, more interpretable understanding of questions
and answers, particularly in structured domains such as GQA.
Enhanced Multimodal Fusion and Joint Learning: Multimodal
QA systems need to better integrate visual, textual, and poten-
tially auditory data in a more unified manner. Advanced deep
learning techniques like cross-attention mechanisms, transform-
ers, and graph neural networks offer promising pathways for
fusing different modalities and learning joint representations that
enhance understanding. Future research could explore techniques
for unsupervised or few-shot learning across multiple modalities
to enable better generalization in VQA and GQA settings.
Explainability and Transparency: As Al-based systems take on
more decision-making roles, it becomes essential for them to offer
transparent and explainable outputs. Research into explainable
Al (XAI) techniques will be crucial to make EQA, GQA, and
VQA systems more understandable to end-users, allowing them
to trust and interpret the reasoning behind the answers provided.
Explainability will be particularly significant in safety-critical
systems where understanding the model’s reasoning process can
help identify and mitigate errors.

Domain-Specific Adaptation and Knowledge Customization: De-
veloping domain-specific QA systems (e.g., medical, legal, or
scientific domains) that can leverage expert knowledge more
effectively will become increasingly important. Transfer learning
and domain adaptation techniques could enable QA systems to
more accurately address questions specific to a given field. This
would also require the creation of domain-specific datasets and
evaluation benchmarks to test QA systems’ performance in these
settings.

Fairness, Bias Mitigation, and Ethical QA: As QA systems become
more integrated into real-world applications, ensuring fairness
and mitigating biases will be crucial. Research could focus on
developing frameworks for detecting and correcting bias in data
and models, ensuring that EQA, GQA, and VQA systems generate
answers that are equitable and non-discriminatory. Ethical con-
siderations, such as the system’s ability to respect privacy and
avoid harmful stereotypes, should also be a focal point for future
development.

Interactive and Iterative QA Systems: Moving beyond one-shot
question answering, the next generation of QA systems should
aim for interactive dialogue systems that can ask clarification
questions and refine answers based on user feedback. By foster-
ing an iterative exchange, systems can overcome ambiguities or
errors that arise from initial queries and provide more precise,
contextually appropriate answers.

Reducing Hallucination and Enhancing Verifiability: To com-
bat hallucination, future research must explore better grounding
mechanisms that tie responses to verifiable sources. Fact-checking
models or retrieval-augmented QA systems could play an essential
role here. Ensuring that answers are based on reliable, verified
data sources will significantly improve system trustworthiness,
particularly in high-stakes environments such as healthcare or
legal settings.

Overall, these emerging trends and opportunities in QA research
reflect the field’s dynamism and its ongoing efforts to advance the state-
of-the-art in NLP and IR. By embracing these trends and addressing
associated challenges, researchers can drive innovation and create more
robust, reliable, and responsible QA systems for diverse applications
and users. In other words, addressing these open research questions



A. Farea and F. Emmert-Streib

and exploring new frontiers in QA systems will contribute to advancing
the field’s capabilities and realizing its potential to address real-world
challenges across various domains and applications.

9. Conclusion

This survey offers an in-depth examination of question-answering
systems, detailing their evolution and key methodologies, evaluation
techniques, characteristics, applications, strengths, limitations, and
challenges. It also explores future research directions. By integrating
existing research and literature, we provide valuable insights into
the core principles and techniques of various paradigms, including
extractive, generative, and VQA.

Our discussion highlights the critical role of interdisciplinary collab-
oration among NLP, computer vision, and ML in advancing question-
answering technologies. By pinpointing gaps in current knowledge
and suggesting areas for further research, this paper acts as a guide
for future exploration in the field. Our findings offer clarity on the
capabilities and limitations of different question-answering approaches,
aiding in informed decision-making for selecting or designing systems
tailored to specific tasks or applications.

In essence, this survey paper seeks to enhance understanding, drive
innovation, and advance knowledge in question-answering systems. By
presenting recent methodological advancements and identifying ongo-
ing challenges, we aim to provide a valuable reference for researchers
and practitioners alike.
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