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ABSTRACT 

Question-Answering (QA) has become a pivotal topic in Natural Language Processing (NLP), facilitating 

machines' comprehension and response to human inquiries in natural language. Although QA systems for 

English and other high-resource languages have been extensively studied, Arabic QA remains under-

investigated and faces several linguistic and technical challenges. This paper offers an extensive analysis of 

deep learning-based Arabic QA systems, emphasizing extractive, generative, and hybrid architectures. 

This study analyzes the fundamental issues in Arabic processing, outlines essential datasets, and provides a 

classification of QA methodologies. Furthermore, it identifies several research gaps, including the absence 

of domain-specific models, limited generative question answering, and insufficient use of retrieval-

augmented architectures. To overcome these deficiencies, a Fatwa-based dataset, currently under 

development, can serve as a resource for future research on domain-specific Arabic QA. This study also 

delineates prospective trajectories, emphasizing the promise of Retrieval-Augmented Generation (RAG), 

few-shot learning, and dialect-aware models in propelling the discipline forward. 

Keywords-Arabic NLP; QA; deep learning; RAG; natural language understanding; transformer 

I. INTRODUCTION  

Question Answering (QA) is a significant domain within 
Artificial Intelligence (AI) and Natural Language Processing 
(NLP) that aims to create computers proficient in 
comprehending and addressing human inquiries in natural 
language. With the increasing integration of digital assistants, 
customer care bots, and search engines into everyday life, the 
demand for efficient quality assurance systems has increased 
significantly.[1]. QA systems constructed using rule-based 
methods [2] or keyword-matching approaches [3] have shown 
deficiencies in semantic comprehension and contextual 
awareness. These systems were developed using Information 
Retrieval (IR) methods and Machine Learning (ML) techniques 
[4]. However, the true advancement occurred with the advent 
of Deep Learning (DL) models and transformer architectures, 
including Bidirectional Encoder Representations from 
Transformers (BERT) [5], Generative Pre-trained Transformer 
(GPT) [6], and Text-to-Text Transfer Transformer (T5) [7], 
which have markedly improved machines' capacity to 
understand and produce human language. 

Foundational research in QA has broadly classified 
questions such as factual [8], definitional [8, 9], list-based [8], 
and causal queries [9]. QA systems frequently qualify as 
closed- or open-domain based on their domain scope [10, 11]. 
Closed-domain QA systems function within certain subject 
areas and frequently utilize structured knowledge bases or 
ontologies [10], whereas open-domain systems attempt to 
produce responses across a wide range of subjects utilizing 
unstructured corpora [11]. QA systems often integrate elements 
of IR, IE, and ML to derive succinct responses from extensive 
document repositories [12, 13]. The use of deep contextual 
embeddings has enabled these systems to more precisely align 
queries with pertinent response portions [5]. 

Despite considerable advances in high-resource languages 
such as English [14], the Arabic language continues to be 
markedly under-represented in QA research [15]. Arabic is one 
of the five most widely spoken languages worldwide; however, 
it poses distinct challenges such as intricate morphology, 
orthographic ambiguity, the absence of diacritics in most texts, 
and significant dialectal variance [16]. The language issues, 
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along with a lack of annotated corpora and restricted access to 
domain-specific information, provide significant challenges to 
the advancement of effective Arabic QA systems. 

In the past decade, multiple initiatives have attempted to 
alleviate these challenges by creating Arabic QA datasets and 
pretrained language models. Datasets such as Arabic-SQuAD 
[17], QURAN-QA [18], and TyDiQA-Arabic [19] have 
facilitated further empirical investigations in the field. Arabic-
specific pretrained models, such as AraBERT [20] and 
MARBERT [21], have established robust baselines across 
numerous downstream NLP tasks. Despite these advances, 
investigations into DL-based Arabic QA remain disjointed and 
lack thorough evaluations to inform future endeavors [17, 22]. 
This survey sought to synthesize existing research, pinpoint 
current issues, evaluate available tools and methods, and 
highlight interesting avenues for future research in Arabic QA 
utilizing DL. 

A. Scope of the Survey 

This review examines QA systems that employ DL 
methods for the processing and comprehension of inquiries in 
the Arabic language. The main objective is to evaluate the 
cutting-edge techniques and resources that facilitate Arabic 
QA. The focus was on systems engineered to respond to natural 
language inquiries utilizing neural architectures, encompassing 
Convolutional Neural Networks (CNNs), Recurrent Neural 
Networks (RNNs), Long Short-Term Memory (LSTM) 
networks, and transformer-based models, such as BERT, T5, 
and GPT, along with Arabic-specific adaptations such as 
AraBERT and MARBERT. This study focuses on studies 
released between 2015 and 2025, a time frame that signifies the 
emergence and development of DL methods in QA. The survey 
includes several QA tasks, such as extractive, abstractive, 
multiple-choice, yes/no, and list forms. This study also 
examines several inquiry categories, including factual, 
definitional, causal (how/why), list-based, and hypothetical 
inquiries. Specifically, open- and closed-domain QA systems 
encompass a range of sectors, including academics, law, 
healthcare, and general knowledge. Multilingual and cross-
lingual QA approaches are also examined for their evaluation 
or adaptation for Arabic. Considerable focus is directed toward 
publicly accessible Arabic QA datasets, such as Arabic-
SQuAD, ARCD, TyDiQA-Arabic, and other benchmarks. The 
evaluation encompasses pretrained Arabic language models, 
including AraBERT, MARBERT, QARiB, and CAMeLBERT, 
with multilingual models such as mBERT and XLM-R. 
Common evaluation measures, such as Exact Match (EM), F1-
score, BLEU, and ROUGE, are examined for Arabic QA 
evaluation. This study examines significant linguistic hurdles 
specific to Arabic, including intricate morphology, dialectal 
variation, discretization, tokenization problems, and 
orthographic ambiguity. Ultimately, it underscores the avenues 
for prospective studies, including short-term learning, cross-
dialectal QA, and multimodal integration. 

Although utilized as comparative baselines for Arabic, QA 
systems created specifically for English or other non-Arabic 
languages are not included in this survey to preserve its narrow 
focus. Systems that merely employ rule-based, template-based, 
or conventional information retrieval techniques without neural 

modeling are also excluded. Furthermore, non-automated QA 
systems that rely on human participation as a fundamental 
component are not taken into account, nor are chatbots and 
conversation agents until specifically assessed in QA settings. 
Specifically focusing on DL techniques used in Arabic QA, 
this review offers a comprehensive and methodical viewpoint 
on current developments, standards, difficulties, and potential 
research objectives in this rapidly expanding topic. 

B. Contribution 

There has been a dearth of in-depth research into the 
development of Arabic-specific QA systems based on DL, in 
contrast to the numerous developments in QA systems for 
high-resource languages. By compiling and analyzing the most 
recent studies in this field, this survey bridges this gap. This 
survey provides a focused investigation of Arabic QA systems, 
distinct from generic QA evaluations that primarily emphasize 
English or multilingual systems, and addresses the particular 
linguistic issues and resource constraints inherent in the Arabic 
language. The study also compares available Arabic QA 
datasets, highlighting their structure, question types, domain 
coverage, and suitability for training and assessing DL models. 
This evaluation of pretrained language models critically 
assesses Arabic and multilingual pretrained language models 
utilized in QA tasks, emphasizing their performance, limits, 
and adaptation methods. Subsequently, this investigation 
addresses open challenges, identifying critical issues such as 
dialectal variety, insufficient annotated resources, and 
inconsistencies in evaluation, and examines how they affect the 
efficacy of existing QA systems. Finally, the future roadmap 
delineates prospective avenues for the advancement of Arabic 
QA research, encompassing low-resource learning, cross-
lingual transfer, and multimodal QA. This study provides a 
comprehensive and targeted evaluation that serves as a 
significant resource for academics, developers, and 
practitioners looking to develop or improve Arabic QA systems 
using DL-based technology. 

II. FUNDAMENTALS 

QA systems have been designed to deliver precise and 
succinct responses to inquiries presented in natural language. 
They exist at the convergence of various disciplines, including 
IR, NLP, and, to an increasing extent, DL. 

A. Types of QA Systems 

QA systems can be categorized into many types depending 
on their domain scope, answer generation technique, and 
reasoning complexity [1, 23, 24]. QA systems are primarily 
categorized as closed- and open-domain systems. Closed-
domain QA functions within a defined field of expertise—such 
as medicine, law, or finance—and often depends on organized 
or curated information sources relevant to that domain [23]. In 
contrast, open-domain QA systems have been developed to 
address inquiries across diverse subjects, sourcing responses 
from extensive unstructured corpora such as Wikipedia or 
online articles [1, 23]. 

Methodologically, QA systems can be classified as 
extractive or abstractive [25]. Extractive QA identifies a 
segment of text directly from source documents that addresses 
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the question, rendering it especially appropriate for factoid-type 
inquiries and reading comprehension activities [25]. In 
contrast, abstractive QA seeks to provide replies in coherent 
natural language, frequently rephrasing or synthesizing 
information from several documents [26]. Certain QA 
assignments need intricate reasoning, such as multi-hop QA, 
where the system must synthesize and deduce information 
dispersed across several documents or evidence chains [26-28]. 
Retrieval-Augmented Generation (RAG) is a hybrid method 
that utilizes retrieval and generation, and its importance in 
answering Arabic questions is discussed in more detail in 
Section VI [29]. 

TABLE I.  COMPARISON OF CLOSED-DOMAIN AND OPEN-
DOMAIN QA 

Aspect Closed-domain QA Open-domain QA 

Scope Specific subject area General knowledge topics 

Data source Curated or structured corpus Web-scale unstructured text 

Accuracy Typically higher Typically lower 

System 

complexity 
Often simpler 

More complex  

(retrieval + reasoning) 

Use cases 
Technical or academic 

support 

Search engines,  

virtual assistants 

 
B. QA Pipeline Architecture 

QA systems often adhere to a multi-phase pipeline that 
amalgamates elements from IR, IE, and DL-based NLP [1, 26, 
30]. This architecture's modular design allows systems to 
manage intricate queries, scale across domains, and include 
diverse models for varied activities [1, 31]. A conventional QA 
pipeline often has many interrelated components that convert a 
user query into an accurate and contextually relevant response 
[23, 26, 30]. The procedure starts with question processing, 
where the input query is subjected to several linguistic 
preprocessing stages, including tokenization, part-of-speech 
tagging, named entity identification, and question type 
categorization. In many systems, this phase further 
encompasses query reformulation to enhance retrieval accuracy 
[32]. Upon analyzing the question, the pipeline advances to 
document retrieval, whereby relevant passages are extracted 
from an extensive corpus utilizing either sparse techniques 
(e.g., BM25) or dense neural retrievers (e.g., Dense Passage 
Retrieval - DPR) [33]. This phase is regarded as the initial 
significant bottleneck in open-domain QA, since the quality of 
recovered information directly influences subsequent response 
creation or extraction [30, 33]. 

�������, 	
� = 
�
� · 
�
   (1) 

where 
�  represents the embedding vector of the query �, and 


�
 signifies the embedding vector of the �-th passage 	
  [33].  

After retrieval, the system proceeds to the answer extraction 
or generation phase [29, 30]. Extractive models, exemplified by 
BERT, pinpoint a text segment from the retrieved documents 
that addresses the query [5], whereas abstractive models such 
as T5 or BART produce responses in coherent natural language 
by aggregating and paraphrasing information [7]. In certain 
implementations, an optional answer ranking phase is 
incorporated, wherein several potential responses are assessed 
using scoring heuristics or neural re-ranking models to identify 

the most contextually suitable answer [30]. This modular 
architecture facilitates adaptability across various QA 
paradigms and accommodates the incorporation of retrieval-
augmented and generative methodologies [29, 34]. Figure 1 
depicts a standard QA pipeline.  

 

 

Fig. 1.  Typical QA system pipeline. 

In dense retrieval-based architectures, such as DPR and 
RAG, contrastive learning is used to efficiently train the 
retriever module. This is done by using a loss that maximizes 
similarity between the query and relevant passages while 
minimizing it for irrelevant passages. Contrastive loss is 
defined as:  

ℒ����
���� =  

−��� ����� !��"�,�#$%
���"� !����,�#�$&'()*

+ ����� !��"�,�-i$%
   (2) 

For morphologically rich languages, such as Arabic, this 
formulation is vital as it enables the retriever to distinguish 
subtle semantic differences: � is the query embedding, 	& the 
positive passage, 	


.  the negative passages, /  the number of 
negatives, and 0������, 	� is the similarity function (e.g., dot 
product). This architecture has demonstrated efficacy in both 
closed- and open-domain QA systems [30], and it provides a 
versatile foundation for incorporating sophisticated modules 
such as RAG [29] and multi-hop reasoning [27]. 

III. EVALUATION METRICS 

Evaluating QA systems requires metrics to assess the 
relevance, accuracy, and fluency of extracted or produced 
responses. One of the most used measures is Exact Match 
(EM), which assesses whether the predicted response is 
precisely aligned with the ground truth and is often used in 
datasets such as SQuAD [25]. The F1-score complements EM 
by calculating the harmonic mean of precision and recall at the 
token level, providing a nuanced assessment of responses that 
partially match the reference answers [25]. Precision is the 
percentage of predicted answer tokens that are correct, and 
recall is the percentage of ground truth answer tokens that were 
correctly predicted. The F1-score strikes a balance between 
these two metrics, being very useful for answers that may not 
be exactly right, but still show some correctness. 

11 =  2 · 5�� 
�
!6 ·7� 899
5�� 
�
!6 &7� 899   (3) 
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The EM metric is more exacting. The projected response 
receives a score of 1 if it is exactly the same as the ground truth 
answer (after removing lowercasing, punctuation, and other 
irrelevant elements). If not, it receives a score of zero. This 
metric helps determine whether a response is entirely correct, 
and it is frequently used in conjunction with F1 to provide a 
more comprehensive assessment. 


: =  1;<=>?@(AB?@ C<D>EFG@ B>FBHI  (4) 

In the field of generative QA, particularly for abstractive 
outputs, measures such as BLEU (Bilingual Evaluation 
Understudy) are commonly utilized. BLEU assesses n-gram 
correspondence between generated text and reference 
responses and was initially introduced for machine translation 
applications [35]. Likewise, ROUGE (Recall-Oriented 
Understudy for Gisting Evaluation) metrics, especially 
ROUGE-L and ROUGE-N, focus on recall-based overlap and 
are widely utilized for summarization and generative QA 
evaluation [36]. In retrieval-based QA systems, Mean 
Reciprocal Rank (MRR) is commonly employed to assess the 
efficacy of the system in ranking the right response among a 
list of retrieved candidates [3]. 

In addition to automated metrics, human evaluation is 
essential in contexts requiring abstractive replies, where 
evaluators examine fluency, informativeness, grammaticality, 
and factual accuracy. Although inherently subjective, human 
assessment offers essential insights into response quality that 
automated scoring systems may neglect [37]. The selection of a 
suitable metric frequently relies on the type of QA operation 
(e.g., extractive vs. abstractive) and the system architecture. An 
effective evaluation method may integrate many automated 
measures with human assessment for a comprehensive 
evaluation [38, 39]. These essential elements and principles 
establish the basis for comprehending contemporary QA 
systems, particularly for their adaptation to morphologically 
intricate languages such as Arabic [40]. 

IV. ARABIC QA DATASETS AND BENCHMARKS 

The advancement of Arabic QA systems has been 
continuously impeded by the lack of extensive, high-quality 
datasets. In the past few years, several annotated resources for 
both extractive and generative QA tasks have been released, 
differing in domain, question kinds, response formats, and 
linguistic scope (e.g., MSA vs. dialectal Arabic). The most 
important Arabic QA datasets are: 

• Arabic-SQuAD [17]: An Arabic version of the Stanford QA 
Dataset (SQuAD), with more than 11,000 MSA questions, 
that adheres to the extractive QA structure and functions as 
a standard for Arabic reading comprehension assessments. 

• ARCD (Arabic Reading Comprehension Dataset) [17]: 
Comprises more than 1,300 MSA QA pairs sourced from 
Wikipedia to evaluate reading comprehension in Arabic. It 
corresponds with SQuAD-style extractive configurations. 

• TyDiQA-Arabic [19]: The Typologically Diverse QA 
benchmark encompasses Arabic along with ten other 
languages. It provides exemplary responses and texts, 
facilitating assessment in multi- and cross-lingual contexts. 

• MADAR QA: Although not officially released, MADAR's 
dialectal corpora may be tailored for dialect-specific QA 
tasks, rendering it a valuable resource for extending beyond 
MSA [41]. 

• QALB (for paraphrase-driven QA): While mainly designed 
for grammatical correction, QALB's sentence-aligned 
structures may facilitate paraphrased QA matching in future 
QA assignments [42]. 

TABLE II.  SUMMARY OF KEY ARABIC QA DATASETS 

Dataset Language Variety QA Format Domain 

Arabic-SQuAD MSA Extractive 
Wikipedia 

(general topics) 

ARCD MSA Extractive 
Wikipedia 

(general topics) 

TyDiQA-Arabic MSA Extractive 
Open-domain 

multilingual QA 

QALB 

(adaptable) 
MSA/Dialectal 

Paraphrase 

(adaptable) 

Educational error 

correction 

MADAR 

(adaptable) 
Dialectal 

Multi-task (QA-

capable) 

City-level 

dialectal dialogue 

 

V. LITERATURE REVIEW OF ARABIC QA SYSTEMS 

Initial Arabic QA systems predominantly utilized rule-
based methodologies and traditional information retrieval [43, 
44]. These systems frequently employed pattern recognition, 
templates, or manually devised algorithms to discern question 
kinds and correlate them with pre-formulated responses [45]. 
For instance, in [46], a template-based system was developed 
to analyze input questions using meticulously built 
grammatical rules and align them with established answer 
templates. In [47], an information retrieval-driven QA system 
extracted pertinent paragraphs from texts by keyword overlap, 
subsequently identifying the most probable answer segment. 
These systems treated QA as a document retrieval issue rather 
than a genuine comprehension process [30]. 

These methods were straightforward to comprehend and 
computationally economical, although they exhibited 
inadequate generalization, restricted linguistic coverage, and a 
significant reliance on precise keyword matches. They were not 
resilient to morphological alterations or paraphrased inquiries 
and lacked the semantic reasoning abilities required for more 
intricate or implicit questions [1, 48, 49]. Certain systems, such 
as the one in [50], tried to integrate shallow parsing with 
ontological reasoning to improve the information retrieval 
process; however, it was constrained by limitations in rule 
coverage and scalability. These first endeavors established the 
foundation for Arabic QA but revealed that manually built and 
keyword-driven systems were inadequate to address the 
complete linguistic complexity and diversity of Arabic 
questions [40, 48]. 

A. Machine Learning and Feature-Based Models 

As the constraints of rule-based QA systems became 
increasingly apparent, researchers began investigating 
statistical and ML methods for Arabic QA. These approaches 
often utilized supervised learning algorithms, including 
Support Vector Machines (SVMs), Decision Trees (DT), and 
Naïve Bayes (NB) classifiers, trained using explicitly produced 
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linguistic features [51]. Although these methods demonstrated 
considerable improvements in flexibility and generalization 
compared to rule-based systems, their reliance on manually 
crafted features constrained scalability and adaptability across 
many domains and languages [52]. In [53], an Arabic why-QA 
system (EWAQ) employed linguistic features and supervised 
classification methods to identify and extract appropriate 
response passages. 

In this period, researchers showed an increasing interest in 
Arabic NLP preprocessing tools, including morphological 
analyzers and POS taggers, which became vital elements in 
conventional ML pipelines for QA and various NLP tasks. 
Technologies such as MADAMIRA [54] provide substantial 
assistance for morphological analysis and disambiguation in 
Modern Standard Arabic (MSA), facilitating the development 
of linguistic characteristics for subsequent tasks. However, 
despite their usefulness, these systems exhibited a deficiency in 
robustness and generalizability compared to contemporary end-
to-end DL methodologies. In the lack of integrated learning 
across components, such pipelines frequently exhibited 
fragility and inadequate domain transferability [55]. 

B. Deep Learning-Based QA Models 

The advent of DL marked a significant milestone in Arabic 
QA research. Models such as CNNs, RNNs, and attention 
mechanisms facilitate end-to-end learning of semantic patterns 
between questions and response passages by obviating the need 
for manual feature engineering [56]. In [57], cross-lingual 
language model pretraining was used to facilitate the response 
to questions in low-resource languages, such as Arabic. This 
method demonstrated that profound contextual comprehension, 
attained by multilingual embeddings, markedly enhanced 
passage rating and QA precision, even with minimal labeled 
data. Following the success of BERT [5], researchers began 
adapting transformer models to Arabic. AraBERT [20] was one 
of the initial monolingual Arabic transformers, specifically 
fine-tuned for extractive QA tasks such as Arabic-SQuAD [17]. 
Subsequent models such as MARBERT [21] and QARiB [21] 
focused on dialectal Arabic and domain adaptation, enhancing 
robustness for practical applications.  

Regarding their achievements in extractive QA, most 
transformer-based systems were deficient in generative 
capabilities, as initial models were engineered for span 
extraction and categorization rather than text production [58]. 
This constraint prompted the creation of Sequence-to-Sequence 
(Seq2Seq) models, such as ArabicT5 [22], facilitating abstract 
QA and text production. However, these models are rarely 
integrated with retrieval processes, constraining their factual 
precision and making them susceptible to hallucination, 
particularly in knowledge-intensive activities [29]. Despite 
substantial progress in Arabic QA using DL, difficulties persist 
in tailoring models to the language's complex morphology, 
dialectal variation, and resource-scarce subdomains such as 
religious or legal literature [40]. Furthermore, many current 
systems are extractive and fail to meet the demand for 
explainable, retrieval-augmented, generative QA, highlighting 
the necessity for RAG-based approaches [26, 29]. Since most 
current systems remain primarily extractive, they have limited 
integration of retrieval and generative functionalities [59]. 

C. Multilingual and Cross-lingual QA 

Due to the scarcity of extensive Arabic QA datasets and 
pretrained models in previous years, numerous studies resorted 
to multilingual models and cross-lingual transfer learning to 
develop QA systems for Arabic [60, 61]. These methods used 
multilingual transformers such as mBERT [5], XLM-R [61], 
and mT5 [62] to transfer knowledge from high-resource 
languages (mainly English) to low-resource ones such as 
Arabic. TyDiQA [63] was one of the initial multilingual QA 
datasets to offer a high-quality Arabic subset, allowing 
researchers to optimize multilingual models specifically for 
Arabic QA tasks. Although multilingual models such as 
mBERT and XLM-R provide wide coverage and zero-shot QA 
capabilities, they often fall short compared to monolingual 
models such as AraBERT due to inadequate tokenization and 
limited Arabic-specific pretraining [20, 64]. Researchers 
employed cross-lingual QA pipelines that translated Arabic 
inquiries into English, applied QA using English models, and 
then translated the responses back [65]. This strategy, although 
conceptually attractive, results in translation inaccuracies, 
meaning shifts, and loss of subtlety, which is particularly 
concerning for Arabic due to its complex morphology and 
cultural background [64, 66]. 

Although multilingual models facilitate extensive language 
coverage and provide zero-shot QA capabilities, they often do 
not adequately capture the intricate syntax, morphology, and 
dialectal variety characteristic of the Arabic language [20, 65]. 
These constraints arise from inadequate tokenization and 
insufficient pretraining tailored to Arabic in models such as 
mBERT and XLM-R. Moreover, as previously mentioned, 
most Arabic QA systems are still extractive, with minimal 
integration of retrieval and generation [59], which limits their 
efficacy in knowledge-intensive tasks where contextual 
grounding and response fluency are crucial [59, 65]. RAG 
presents a compelling alternative by integrating non-parametric 
memory (document retrieval) with generative modeling, 
therefore mitigating several deficiencies [29]. 

D. Domain-Specific Arabic QA 

Although most Arabic QA research has focused on open-
domain tasks using broad corpora, including Wikipedia, 
domain-specific QA is considerably underexplored. Domains 
such as religion, law, healthcare, and education require 
customized models and meticulously selected datasets due to 
the intricate and sensitive nature of the information involved 
[63, 67-70]. Preliminary research examined technical fields 
using structured ontologies [71]. In [72], a QA system was 
proposed for religious inquiries using hadith ontologies. In 
recent years, in [18], a benchmark dataset and a shared task 
focused on Qur'anic QA, assessing both passage retrieval and 
response production in Classical Arabic. In [73], Large 
Language Models (LLMs), such as GPT and BART, were used 
for Qur'anic QA, achieving robust generating outcomes. 
However, this study was confined to the Qur'anic corpus and 
lacked external retrieval mechanisms, prompting inquiries 
regarding factual foundation and transparency [18]. Despite 
these advances, a significant gap remains in QA research, 
addressing the comprehensive range of religious fatwas, which 
need subject expertise, language subtleties, and source citation 
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(e.g., Quran, Hadith, scholarly consensus). This is especially 
crucial in Islamic contexts, where precise sourcing and 
interpretation have substantial implications [74].  

In [75], the incorporation of structured knowledge into 
LLMs for Quranic QA was investigated. The proposed 
configuration integrated knowledge triples and verse contexts 
into GPT-4 to address fact-based inquiries sourced from the 
Quran. The knowledge-infused variation demonstrated 
enhanced factual correctness, completeness, and interpretability 
compared to GPT-4 alone. Manual assessments verified that 
organized inputs significantly reduced hallucinations and 
provided more grounded responses. Although this method did 
not employ explicit retrieval techniques such as RAG, it was 
observed that knowledge triples operate comparably to a 
streamlined retrieval layer. This hybrid configuration 
reconciles generative fluency with factual accuracy, rendering 
it especially advantageous for delicate religious contexts. 

Recent initiatives aimed to tackle domain-specific QA in 
Classical Arabic, especially concerning Islamic texts such as 
the Holy Qur'an. In [76], the ARAELECTRA model was 
meticulously refined using several Arabic datasets, including 
Ar-TyDi QA, Arabic-SQuAD, ARCD, and QRCD, to develop 
a transformer model for Qur'anic language. The model attained 
a partial Reciprocal Rank (pRR) of 66.9% on the training set 
and 54.59% on the test set. This study also examined various 
loss functions, including Focal Loss and Dice Loss, to address 
dataset imbalance. This tiered fine-tuning strategy 
demonstrated potential for adapting contemporary structures to 
historic religious texts, addressing constraints in dataset 
magnitude and language difference between MSA and 
Classical Arabic. This approach may be applied to more 
sensitive topics necessitating source attribution and semantic 
accuracy. 

Recent studies have investigated domain-specific QA 
applications in Arabic, such as the HistoryQuest system 
designed for Egyptian historical materials [77]. This study 
presented the Arabic History-QA and Contextual Articles 
datasets and assessed several models, including AraBERTv2, 
BERT-large-Arabic with RAG, fine-tuned LLaMA-2, and 
zero-shot LLaMA-3. LLaMA-3, when combined with RAG, 
attained superior accuracy, surpassing conventional 
transformers by adeptly merging dense retrieval (utilizing 
FAISS indexing and BERT embeddings) with generative 
modelling. These findings underscore the efficacy of hybrid 
methods in resource-constrained and linguistically intricate 
environments such as Arabic QA.  

To rectify this deficiency, this study proposes the 
development of a domain-specific Arabic QA system focused 
on Fatwas in the future. An innovative Fatwa QA dataset can 
curate Fatwa collections from verified religious portals in Saudi 
Arabia and the MENA countries. This dataset can provide QA 
using RAG, providing precise and elucidated responses based 
on reliable religious sources. 

E. Morphological Complexity 

Arabic is a morphologically complex language capable of 
producing numerous word forms through inflection, derivation, 
and clitic attachment [16]. A single lemma can manifest on 

several surfaces according to gender, number, tense, and case 
[16]. This exacerbates data sparsity and complicates the 
models' ability to acquire consistent representations unless 
adequately normalized [11]. These problems are especially 
evident in applications such as QA and document retrieval, 
where precise token matching is essential. To alleviate this 
issue, preprocessing approaches such as morphological 
segmentation, lemmatization, and clitic separation have 
emerged as vital elements of contemporary Arabic NLP 
pipelines [78]. Furthermore, contemporary language models 
such as AraBERT and MARBERT utilize pretraining on 
segmented or morphologically-informed corpora to more 
effectively capture the linguistic subtleties of Arabic [20, 21]. 
Despite these advances, effective management of 
morphological variation continues to be a significant challenge, 
particularly in dialectal or domain-specific settings [16]. 

F. Orthographic Variability and Diacritics 

Most Arabic writings are composed without diacritics, 
which denote short vowels and additional phonetic indicators 
[16]. The lack of diacritics creates considerable uncertainty in 
reading and interpretation [16]. For instance, the word  كتب (ktb) 
may mean "wrote," "books," or "was written," contingent upon 
the context [79]. Moreover, discrepancies in the representation 
of long vowels (e.g., ا), hamza (e.g., ء), and ta marbūta (e.g., ة) 
exacerbate the challenges of tokenization and retrieval [16, 17].  

G. Dialectal Diversity  

MSA is employed in official settings; however, a 
significant amount of real-world data—particularly on social 
media, conversations, and user-generated content—comprises 
regional dialects (e.g., Egyptian, Levantine, Gulf) [80]. These 
dialects exhibit considerable divergence in vocabulary, 
grammar, and spelling, and are not adequately covered in 
current NLP resources [41]. Informal Arabic writing frequently 
exhibits non-standardized spelling and may be rendered in 
Romanized script (generally known as Arabizi), thus 
complicating tokenization and morphological analysis [81, 82]. 
Dialectal Arabic has data scarcity, as most existing corpora and 
pretrained models are skewed towards MSA [83]. This 
discrepancy often leads to diminished model efficacy when 
utilized in real-world or user-generated texts [84]. Recent 
initiatives, such as the MADAR corpus [41] and models such 
as MARBERT [21], have begun to address these deficiencies 
by providing dialectal benchmarks and embeddings developed 
from informal Arabic. However, several dialects are still 
underrepresented, and comprehensive generative or retrieval-
augmented models designed for these types are currently 
absent [84]. Filling this gap is crucial for the implementation of 
effective Arabic QA systems that can generalize across both 
formal and informal text [63].  

H. Lack of Annotated Resources 

Compared to English, Arabic experiences a deficiency of 
high-quality, extensive annotated datasets for QA and 
associated natural language comprehension tasks. Although 
initiatives such as Arabic-SQuAD and ARCD have provided 
significant resources to the community, they are constrained in 
terms of both scale and domain variety [17]. These datasets 
frequently emphasize Wikipedia-style material while 
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neglecting specialist domains such as religion, law, and 
healthcare, which are essential for practical QA applications 
[21]. Furthermore, the absence of comprehensive datasets for 
dialectal Arabic further limits the generalizability of trained 
models [41]. Initiatives such as TyDiQA seek to address this 
multilingual disparity; nevertheless, Arabic is still inadequately 
represented in both volume and task-specific profundity [63]. 
Mitigating these constraints is crucial for the advancement of 
precise and domain-adaptable Arabic QA systems [63]. 

I. Tokenization and Segmentation Issues 

Arabic tokenization is complex due to the existence of 
connected clitics (such as conjunctions, prepositions, and 
pronouns) and the absence of whitespace segmentation for 
certain affixes. Inadequate tokenization can substantially 
impair retrieval and model precision [20]. To address these 
issues, morphological analyzers and tokenizers such as 
MADAMIRA [54] and Farasa [85] have been developed to 
enhance segmentation and disambiguation accuracy. These 
tools assist in discerning the accurate morphological forms of 
words and isolating clitics from base stems, which is crucial for 
subsequent QA performance [54, 85]. However, standardizing 
tokenization across languages and fields continues to pose a 
significant research problem. 

J. Cross-dialectal and Multilingual Transfer Limitations 

Although the robust performance of multilingual pretrained 
models such as mBERT and XLM-R across several languages, 
their efficacy in Arabic, especially in dialectal variations, 
frequently falls short. This is mainly attributable to the models’ 
training on corpora mostly including MSA and insufficient 
dialectal representation, which constrains generalization to 
informal or regionally specific use [20, 21]. Furthermore, 
cross-lingual transfer from English to Arabic is hindered by 
significant syntactic, morphological, and lexical variation 
between the two languages, impacting semantic alignment in 
multilingual QA tasks [61]. These constraints highlight the 
necessity of developing Arabic-specific or dialect-sensitive 
models that can more effectively accommodate the linguistic 
variety inherent in the Arabic language [20].  

In addition, dialects including Egyptian, Levantine, and 
Gulf Arabic are rarely included in the pretraining corpora, 
resulting in a discrepancy between model anticipations and 
actual user inputs in applications such as virtual assistants and 
social media QA. Multilingual models, although fine-tuned 
with Arabic data, encounter difficulties with details such as 
codeswitching, clitic attachment, and diacritic ambiguity, 
which considerably impact semantic comprehension [86]. 
Language and resource-related issues underscore the need for 
specific preparation tools, dedicated datasets, and customized 
architectures for Arabic QA. They also emphasize the 
possibility of modular hybrid frameworks like RAG to utilize 
retrieval for disambiguation and domain adaptation [29]. By 
separating retrieval from production, RAG allows independent 
fine-tuning of Arabic religious or dialectal corpora, thereby 
providing more flexibility and increased factual accuracy. 

 

 

TABLE III.  COMPARISON OF RECENT ARABIC QA STUDIES 

Study Approach Language Domain Limitations 

AraQA-BERT  

[87] 

Extractive 

(AraBERT) 
MSA 

Open-

domain 

Lacks generative 

capabilities; not 

domain-specific 

ArabicaQA 

[63] 

Dataset + Dense 

Retrieval 

(AraDPR) 

MSA 
Open-

domain 

Lacks domain-

specific 

questions; no 

generative QA 

Qur'an QA 

[18] 

Passage Retrieval 

+ MRC 

Classical 

Arabic 

Religious 

(Qur'an) 

Focused on 

extractive QA; 

limited to 

Qur'anic text 

LLMs for 

Qur'anic QA 

[73] 

Generative  

(GPT-4, BART) 

Classical 

Arabic 

Religious 

(Qur'an) 

High 

performance but 

limited to 

Qur'anic domain; 

lacks retrieval 

grounding 

MQA-KEAL 

[88] 

Multi-hop QA 

with Knowledge 

Editing 

MSA 
Open-

domain 

Focused on 

knowledge 

editing; not 

tailored for 

religious texts 

 

K. Challenges in Arabic QA 

Implementing efficient QA systems for Arabic entails 
distinct challenges, mostly resulting from the language's 
intricate morphology, orthographic intricacies, and dialectal 
diversity. These variables render the direct use of approaches 
effective in English or other high-resource languages 
inadequate for Arabic QA tasks [16, 89]. 

VI. QA MODELS 

A. Extractive vs. Abstractive QA 

QA systems may be classified into extractive, abstractive, 
and hybrid methods. Extractive QA systems pinpoint and 
retrieve a segment of text from a specified context that directly 
addresses the inquiry [26]. These models, frequently founded 
on transformer encoders such as BERT [5] or AraBERT [20], 
are extensively used in response to their interpretability and 
robust performance on benchmarks such as SQuAD [25] and 
Arabic-SQuAD [17]. 

In contrast, abstractive QA systems produce responses in 
natural language that may not precisely correspond to any 
segment inside the context. These systems utilize Seq2Seq 
models such as T5 [7], mBART [90], or ArabicT5 [22]. 
Although they provide natural, human-like responses and 
multi-document synthesis, they are more challenging to assess 
and may generate unsubstantiated material. To integrate the 
advantages of both paradigms, RAG has developed as a hybrid 
architecture [29]. RAG acquires pertinent documents and 
transmits them to a generative model that generates 
contextually informed responses [29]. This design enhances 
factual accuracy and facilitates knowledge-intensive tasks [29]. 

Figure 2 delineates the structural distinctions among the 
three QA paradigms. Extractive systems execute direct span 
selection [5], abstractive systems formulate answers from the 
input text [26], and RAG models retrieve and conditionally 
create responses utilizing external documents [29]. The hybrid 
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technique shows significant potential for Arabic QA in 
specialized fields, such as religion or medicine, where accurate 
and generative solutions are essential [20, 29, 40]. For the 
question "Who is the founder of Microsoft?", an extractive 
answer would be "Bill Gates" (extracted directly from the 
source text), and an abstractive answer would be like 
"Microsoft was co-founded by Bill Gates and Paul Allen." 

 

 

Fig. 2.  Comparison of Extractive, Abstractive, and RAG-based QA 

pipelines, adapted from [26, 29]. 

TABLE IV.  COMPARISON OF QA APPROACHES 

Feature Extractive QA Abstractive QA RAG (Hybrid) 

Answer source 
Span from input 

text 

Generated from 

context 

Generated from 

retrieved documents 

Model type Encoder only Encoder-Decoder 
Retriever + 

Generator 

Fluency Low to moderate High High 

Factuality 
High (if input is 

reliable) 
May hallucinate 

High (if retrieval is 

good) 

Interpretability High Medium Medium to High 

Data 

requirement 
Moderate High 

High (documents + 

questions) 

Arabic models 
AraBERT, 

MARBERT 

ArabicT5, 

mBART 

RAG with 

AraBERT + 

ArabicT5 

 

B. Retrieval Augmented Generation 

RAG is a hybrid neural architecture that incorporates 
information retrieval into the language model generation 
process [29]. It was intended to augment the functionalities of 
extensive generative models in knowledge-intensive activities, 
including open-domain QA, fact verification, and 
summarization [29]. In contrast to conventional generative 
models such as GPT or BART, which operate purely on the 
information encoded in their pretrained parameters (i.e., 
parametric memory), RAG employs a hybrid method that 
addresses this intrinsic restriction. As existing models are 
unable to dynamically assimilate new or domain-specific 
knowledge without undergoing retraining or fine-tuning, RAG 
enhances their functionality by including a non-parametric 
memory—specifically, a dense document retrieval 
mechanism—alongside a generative model. This architecture 
facilitates real-time access to external information sources, thus 
improving flexibility and factual accuracy in knowledge-
intensive tasks [29]. 

 

1) RAG Architecture 

The RAG architecture consists of two primary, tightly 
integrated modules that work in tandem to enhance the 
accuracy and contextual richness of generated answers [29]. 
First, the retriever component—typically implemented using a 
dense retrieval model such as DPR—encodes the input 
question and retrieves the top-k most relevant documents from 
a large corpus, which may include Wikipedia, structured 
knowledge bases, or domain-specific text collections [33]. 
Next, the generator module, usually based on powerful 
Seq2Seq models like BART or T5, processes each retrieved 
document concatenated with the original question to generate 
candidate answers [7, 58]. These generated responses are then 
scored and aggregated to produce the final answer. By 
following this retrieval-then-generation paradigm, RAG 
systems can dynamically incorporate external knowledge at 
inference time [29]. This makes them more interpretable and 
adaptable than purely generative models, especially in 
knowledge-intensive QA tasks [91]. 

J�K | M�  = ∑ J�K | M, O�  ·  J�O | M�P ∈ R�S�  (5) 

where M signifies the input question, and d ∈ R�M� indicates the 
top-k documents extracted from the corpus in response to the 
query. The notation J�O | M�  represents the retriever's assessed 
probability of document O  being pertinent to the input M , 
whereas J�K|M, O�  denotes the probability of producing the 
response K based on both the input question and the retrieved 
document [29]. 

2) RAG in QA 

In the field of QA, RAG functions as a proficient 
intermediary between extractive and abstractive methods [29]. 
In contrast to extractive approaches, such as BERT-based span 
selectors, which only locate and reproduce segments of the 
source information, RAG may provide coherent, human-like 
answers that transcend simple span replication. In contrast to 
conventional generative models that depend exclusively on 
their internal parametric memory, RAG bases its responses on 
retrieved texts [58]. This grounding enhances factual 
consistency and increases the system's robustness in low-
resource or domain-specific contexts. Consequently, RAG is 
especially adept at open-domain QA tasks, where the model 
must generate coherent and contextually relevant responses 
from a vast and varied corpus [29]. 

VII. DL APPROACHES FOR ARABIC QA 

DL has transformed the domain of QA by facilitating end-
to-end learning and markedly enhancing the efficacy of both 
extractive and generative QA models. This section delineates 
the principal neural architectures utilized in Arabic QA 
systems, encompassing both generic and Arabic-specific 
pretrained models. 

A. Neural Architectures in QA 

Initial DL methods in QA included CNNs [92] and RNNs 
[93] for the representation of sentences and the alignment of 
question-context pairings. LSTMs were developed to capture 
long-range relationships and increase sequential modeling [94], 
hence improving span prediction and passage ranking in QA 
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processes. Despite their early success, these models were 
limited in their ability to capture global context and 
encountered difficulties with intricate syntactic relationships, 
resulting in the adoption of self-attention-based models. 

B. Transformer-Based Models 

The advent of the transformer architecture [95] represented 
a substantial progression in NLP, particularly in QA. 
Transformers facilitated parallel processing and improved 
contextual comprehension by substituting recurrence with self-
attention processes. BERT [5] utilized bidirectional attention to 
generate comprehensive contextual embeddings, establishing 
itself as a fundamental component for several extractive QA 
systems. Several transformer-based models have been 
particularly adapted for the Arabic language, building on this 
basis. AraBERT [20] modified the BERT architecture by 
pretraining on an extensive Arabic corpus comprising 
Wikipedia, news articles, and the OSIAN corpus, 
demonstrating robust performance on several downstream 
tasks, including Arabic QA. Subsequently, MARBERT [21] 
augmented this research by training on dialectal and informal 
Arabic material sourced from Twitter, therefore improving QA 
performance on social media and practical contexts. Similarly, 
QARiB [21] was developed utilizing varied datasets to improve 
representation in both MSA and dialects, thus providing more 
applicability in QA tasks. Multilingual models such as mBERT 
and XLM-R [57] have been utilized in Arabic QA. Their 
training on more than 100 languages, including Arabic, 
establishes them as robust baselines for multilingual and cross-
lingual applications, while not being language-specific. In 
summary, these models illustrate the increasing sophistication 
of Arabic-specific transformer topologies and their essential 
contribution to enhancing QA capabilities for the Arabic 
language. 

C. Generative Models for QA 

Unlike extractive models that depend on distinguishing text 
segments from a particular context, generative models can 
generate free-form responses in natural language [6, 7]. These 
models utilize transformer-based Seq2Seq topologies to 
produce coherent and contextually pertinent replies. Prominent 
instances comprise T5, which conceptualizes all NLP tasks as 
text-to-text challenges, facilitating unified generative modeling 
[7], and GPT-3, which exhibits few-shot and zero-shot 
proficiency across diverse QA contexts through extensive 
pretraining [6]. Although specialized Arabic generative models 
are currently being developed, advances have been achieved 
through multilingual pretrained models. Specifically, mT5 [62] 
and mBART [96] have demonstrated robust performance when 
fine-tuned for Arabic tasks, utilizing extensive multilingual 
datasets and facilitating text-to-text transformations, rendering 
them appropriate for generative QA in Arabic. In the absence 
of an officially released Arabic-specific T5 model, these 
multilingual architectures continue to serve as robust baselines 
and transfer learning frameworks in Arabic QA research [90]. 
These improvements indicate an increasing interest in creating 
fluent and semantically robust QA systems for Arabic, 
transitioning from extractive techniques to harnessing the 
capabilities of generative architecture [97]. 

D. Retrieval-Augmented Generation 

RAG [29] is a hybrid model that integrates dense document 
retrieval with neural generation. It mitigates a fundamental 
constraint of exclusively generating models—the lack of access 
to external knowledge—by retrieving pertinent sections and 
conditioning a generator on both the query and the acquired 
material [29]. In Arabic QA, RAG presents a potential avenue, 
particularly for specialized applications such as religious 
domain retrieval [18, 22]. The distinction between retriever and 
generator facilitates adaptable configurations: a retriever may 
be specifically refined using Arabic religious corpora, whilst a 
multilingual generator (e.g., mBART or ArabicT5) generates 
contextually relevant and fluent replies [21, 29]. 

Most recent advances in RAG systems have sought to 
connect language models with external structured information 
sources, such as Knowledge Graphs (KGs). However, KG-
based RAG pipelines often underperform in intricate reasoning 
tasks. Mindful-RAG [98] is a restructured KG-RAG 
framework that explicitly addresses eight persistent points of 
failure, including reasoning misalignments and structural 
deficiencies. This method integrates LLM-driven intent 
identification, contextual constraint management, and 
validation procedures to ensure that responses correspond to 
user inquiries. Experimental findings on the WebQSP and 
MetaQA datasets demonstrate significant improvements, 
particularly in minimizing hallucinations and enhancing multi-
hop reasoning accuracy. The findings indicate that forthcoming 
Arabic QA systems may greatly benefit from the incorporation 
of intent-aware modules and constraint-driven retrieval 
techniques similar to Mindful-RAG, especially in knowledge-
intensive areas such as Fatwa and Islamic law. 

A notable recent contribution is the RFPG framework, 
which improves the RAG architecture by including a fact-
checking layer in the retriever component to boost factual 
correctness in low-resource contexts, particularly in Arabic QA 
tasks [99]. RFPG focuses on the hadith domain, utilizing a 
meticulously selected corpus of 34,542 genuine hadiths. The 
pipeline has four primary stages: Retrieval of Hadiths, 
Verification of Facts, Engineering of Prompts, and Generation 
of Responses. This design greatly reduces hallucinations and 
increases reliability. This study demonstrated the superiority of 
RFPG compared to traditional RAG- and GPT-based models 
(GPT-4, GPT-4o, GPT-4o-mini) on 123 Arabic inquiries. The 
framework achieved a 100% accuracy and 98% precision in 
hadith references, surpassing GPT-4o-mini, which fabricated 
42 out of 123 responses. The model's efficacy was attributed to 
its specialized tuning and retrieval basis, rendering it especially 
appropriate for applications related to religious texts or critical 
factual QA. RFPG exemplifies how domain-adapted, fact-
aware RAG designs may mitigate hallucination and 
generalization challenges in Arabic QA systems, particularly 
when engaging with intricate or religious literature. 

E. Summary and Observations 

DL has facilitated considerable advances in Arabic QA; yet, 
most models continue to rely on architectures initially designed 
for English. Although Arabic-specific models such as 
AraBERT and MARBERT investigate certain linguistic 
subtleties, difficulties persist in managing dialects, domain-
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specific terminology, and low-resource environments. Hybrid 
methods such as RAG provide new avenues for resilient, 
interpretable, and precise QA in Arabic.  

Although designs such as BERT and T5 exhibit robust 
performance, their implementation in Arabic encounters 
distinct hurdles stemming from the language’s intricate 
morphology and dialectal diversity [20]. In response to these 
issues, models tailored for Arabic, such as AraBERT [20] and 
MARBERT [21], have been created. AraBERT is pretrained on 
extensive MSA corpora, whereas MARBERT emphasizes 
dialectal Arabic and social media material, hence augmenting 
model resilience across linguistic variants. Despite these 
advances, several models remain inadequate when used in 
domain-specific or low-resource settings [100, 101]. In 
response, hybrid designs such as RAG [29] present a possible 
option. By separating the retrieval and generation processes, 
RAG facilitates more interpretable, precise, and contextually 
aware QA, which makes it especially appropriate for Arabic 
domains that need both linguistic subtleties and access to 
external knowledge [29, 100]. 

VIII. DOMAIN-SPECIFIC ARABIC QA  

To enhance comprehension of the Arabic QA research 
environment, this study presents a taxonomy of current systems 
categorized by technique, domain scope, input-output formats, 
and DL architecture. This is succeeded by an examination of 
existing research deficiencies and unresolved difficulties. 

A. Fatwa QA Dataset (In Progress) 

The Fatwa QA dataset under development aims to fill the 
significant gap in Arabic QA datasets that are specific to 
certain fields, such as religion and law. To ensure that the 
dataset is real and important for academics, it is being put 
together from verified online Fatwa archives, which cover a 
wide scope of Islamic law, such as family law, worship, and 
business. The final version of the dataset should have not only 
factual questions but also opinion-based questions that require 
understanding the context and thinking about it. The MSA will 
be used to write each QA pair, with standard vocabulary and 
direct quotes from reliable sources such as the Qur'an, Hadith, 
and classical legal studies. The dataset is made to work with 
both extractive and abstractive QA tasks, which allows a wide 
range of neural modeling methods to be used. This resource 
will be necessary for future experimental studies on Arabic QA 
and will serve as a standard for assessing domain-specific 
models. The dataset is still being worked on, but it will have a 
lot of questions and answers about Fatwa, making it possible to 
systematically investigate religious domain QA tasks. 

B. Taxonomy of Arabic QA Systems 

Arabic QA systems may be classified across several 
aspects, each representing unique design objectives and 
functionalities. Initially, systems may be categorized according 
to domain scope as either closed-domain, specifically designed 
for particular fields such as education, religion, or law (e.g., 
ARCD) [17], or open-domain, developed using general-
purpose corpora like Wikipedia, exemplified by datasets such 
as Arabic-SQuAD and TyDiQA-Arabic [17, 66].  

Regarding model type, Arabic QA methods encompass 
extractive models that pinpoint text spans within source 
documents (e.g., AraBERT fine-tuned on Arabic-SQuAD) 
[20], abstractive models that produce answers in natural 
language (e.g., ArabicT5, mBART) [22, 90], and hybrid 
models that amalgamate dense retrieval with neural generation 
(e.g., RAG-based systems) [29]. Moreover, systems vary 
according to input modality [22, 90]. Although most existing 
Arabic QA systems are text-centric, there is a burgeoning 
interest in multimodal QA that integrates images, audio, or 
OCR-processed documents [102, 103], yet practical 
applications in Arabic remain limited [65]. Ultimately, another 
essential dimension of categorization is linguistic diversity. 
Most systems function on MSA, which predominates in 
academic corpora and benchmarks [20]. However, dialectal 
Arabic, prevalent in various locations, is still inadequately 
represented, despite the backing of models such as MARBERT 
[21] and minimal initiatives to develop dialectal QA datasets 
[41]. These categorization dimensions provide a systematic 
framework to examine the progression and variety of Arabic 
QA systems, pinpointing neglected areas for future advances.  

TABLE V.  TAXONOMY OF ARABIC QA SYSTEMS 

Criterion Category Examples / Notes 

Domain 

scope 

Closed-domain 
Legal, religious, and educational QA (e.g., 

ARCD) 

Open-domain 
Wikipedia-based QA (e.g., Arabic-SQuAD, 

TyDiQA-Arabic) 

Model type 

Extractive 
Span-based answers (e.g., AraBERT on 

Arabic-SQuAD) 

Abstractive 
Natural language generation (e.g., ArabicT5, 

mBART) 

Hybrid (RAG) RAG 

Language 

variety 

MSA 
MSA dominates current research and 

datasets 

Dialectal 
Informal/regional Arabic (e.g., MARBERT, 

MADAR corpus) 

Input 

modality 

Text-only 
Most Arabic QA systems are currently text-

based 

Multimodal 

(future) 

Integrating text with image/audio (e.g., 

OCR-based Arabic literature QA) 

Answer 

format 

Extractive span Retrieved directly from context 

Generated text Synthesized responses via Seq2Seq models 

 

C. Research Gaps and Open Challenges 

Despite the considerable advances in Arabic QA, several 
essential deficiencies persist, obstructing the evolution of 
practical and resilient systems. A significant constraint is the 
paucity of domain-specific datasets, as most publicly accessible 
Arabic QA datasets, such as Arabic-SQuAD and ARCD, are 
sourced from Wikipedia and exhibit insufficient representation 
in specialized fields [17], [63]. This limits the capacity of QA 
systems to generalize across many use cases. The field is 
predominantly driven by extractive paradigms, with limited 
exploration of generative techniques. There is a significant 
deficiency of high-quality abstractive datasets and extensive 
implementations of generative models [22]. In addition, Arabic 
dialects—although widespread in social networks, consumer 
relations, and verbal communication—are significantly 
underrepresented, as most systems are trained on MSA, 
limiting their practical applicability [40].  
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Another issue is the variability in assessment methods. 
Research frequently varies in the datasets and metrics 
employed, with numerous studies neglecting human evaluation, 
leading to disjointed benchmarking and challenges in equitable 
model comparison [104]. Furthermore, promising hybrid 
architectures, such as RAG, which have demonstrated 
significant efficacy in English QA, are infrequently utilized in 
Arabic, despite their benefits in data-scarce and knowledge-
intensive applications [29]. Finally, explainability and 
trustworthiness are inadequately addressed, especially in 
sensitive areas such as religious fatwas, where users seek not 
only accurate responses but also transparent justifications and 
reliable sources—a challenge that opaque DL models 
frequently do not fulfill [105]. Rectifying these deficiencies is 
essential for enhancing Arabic QA, rendering it more inclusive, 
reliable, and contextually informed.  

IX. CHALLENGES AND FUTURE DIRECTIONS 

A. General Challenges in Arabic QA 

Arabic QA research is growing; however, certain 
challenges persist, offering significant prospects for innovation 
and wider influence. A viable future avenue is the creation of 
domain-specific QA solutions. Current Arabic QA systems are 
mostly developed using general-purpose corpora, although 
there is an increasing demand for applications customized for 
specific areas such as religion, healthcare, education, and law. 
Al-Bayan, an Arabic QA system designed for the Holy Quran, 
illustrates the potential for specialized applications [106]. 

Future studies should focus on improving generative QA. 
Most existing systems are predominantly extractive; however, 
utilizing advanced generative designs such as AraT5 and 
mBART can be used to develop coherent and semantically 
precise replies. The implementation of controlled generation 
techniques and the integration of source citation procedures are 
essential to increase user confidence, particularly in sensitive 
areas such as medical care or religious fatwas [107]. Dialectal 
and code-switched QA constitutes another significant 
deficiency. Considering the extensive variety of Arabic dialects 
and their prominence in practical communication, future 
systems should incorporate dialectal models such as 
MARBERT [21] and develop QA corpora that represent these 
variations. In addition, Arabic QA research might benefit from 
exploring multimodal domains. Current initiatives primarily 
focus on text, and the incorporation of diverse data formats—
including images, audio, or OCR-processed documents—might 
provide novel functionalities, such as QA regarding scanned 
religious rulings or verbal fatwas [108]. 

The use of RAG in Arabic QA is limited, despite its 
efficacy in English-language applications [29]. Due to the 
limited resources available for Arabic, hybrid systems that 
separate retrieval from creation provide a scalable approach. 
Optimizing retrievers in legal corpora may facilitate high 
recall, evidence-based creation. A prospective avenue entails 
few-shot and cross-lingual learning, particularly given the 
increased annotation costs for Arabic. Research on mT5 and 
XLM-R indicates that zero-shot and few-shot transfer from 
English can provide favorable outcomes for low-resource 
Arabic QA tasks [62].  

Ultimately, human-centered assessment and trust are crucial 
in delicate fields such as law and religion. Future Arabic QA 
systems must go beyond accuracy alone, prioritizing 
explainability, transparency, and user satisfaction, especially 
through culturally relevant and interpretable outputs [108]. The 
study in [109] looked at hybrid architectures that integrate 
LLMs with structured ontologies. These structures might 
improve semantic control and domain alignment, which are 
important for scaling QA in domains such as religion or 
constitutional Arabic. Implementing these progressive tactics 
will advance Arabic QA research toward practical applicability 
and readiness. 

B. Recent Advances in Arabic RAG Systems 

Recent research has begun the adaptation of RAG 
frameworks to Arabic, addressing previous constraints of 
monolingual generative or extractive models. ARAG [110] is 
an RAG-based architecture that incorporates semantic 
embeddings specifically designed for Arabic, enhancing 
document retrieval and generative coherence. In [111], several 
embedding-based retrieval methods were evaluated in Arabic 
lexical QA, revealing that DPR-based retrievers paired with 
Arabic-optimized generators (such as ArabicT5 or mBART) 
enhance both response fluency and factual accuracy. Similarly, 
in [59], optimization methods for Arabic RAG pipelines were 
examined, encompassing Facebook AI Similarity Search 
(FAISS) index tweaking and passage reranking, and 
underscored the advantages of integrating multilingual 
generators with domain-specific Arabic indices. These 
contributions highlight the potential of RAG for Arabic QA, 
especially in low-resource or domain-specific scenarios similar 
to religious questions. However, deficiencies persist in 
expanding these methods to encompass a greater variety of 
dialects, including multimodal data, and assessing generative 
fidelity. The insights of these studies into future system design 
will be essential for the development of resilient, interpretable, 
and contextually relevant Arabic QA systems. 

C. Future Directions for Arabic RAG 

Implementing RAG in Arabic QA entails potential and 
challenges. The morphological complexity and dialectal variety 
of Arabic hinder dense retrieval and tokenization [21], [112]. 
The utilization of multilingual or Arabic-specific retrievers, 
such as MARBERT [21] and QARiB [113], in conjunction 
with particular Arabic document indices, can substantially 
improve the performance of RAG [29]. Furthermore, RAG's 
separation of retrieval and production facilitates modular fine-
tuning, allowing researchers to modify the retriever for 
dialectal or domain-specific corpora while maintaining a 
multilingual generator such as mBART or fine-tuning it on 
Arabic QA datasets [29]. 

RAG is a scalable framework for enhancing research in 
Arabic QA, providing several interesting future avenues. A 
significant milestone is the creation of dense retrievers 
pretrained on Arabic text using contrastive learning objectives, 
facilitating enhanced document retrieval in morphologically 
intricate contexts [33]. Simultaneously, the development of 
extensive and varied Arabic corpora tailored for open-domain 
QA will be essential to improve the coverage and accuracy of 
the retrieval component [40]. Furthermore, researchers can 
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investigate the zero- and few-shot capabilities of RAG by 
utilizing multilingual prompts, which might mitigate data 
scarcity in Arabic-specific QA tasks [6]. A further compelling 
approach is the integration of RAG with dialect identification 
methods, facilitating the system's ability to comprehend and 
respond to mixed language or dialectal inquiries with more 
precision [21]. 

As a result, RAG signifies a pivotal advancement in the 
development of QA systems. Despite its preliminary 
application to Arabic QA, the framework presents substantial 
promise for innovative contributions in both retrieval and 
generative modeling, particularly in low-resource and 
linguistically varied environments [29]. 

X. CONCLUSION 

With an emphasis on DL techniques, this review examined 
the state of Arabic QA systems today. Although there has been 
much progress recently, this analysis reveals lingering issues, 
such as the dominance of extractive methods, the lack of RAG 
integration, and the inadequate adaptation of multilingual 
models for the particular linguistic complexity of Arabic. This 
study highlights the need for increased investment in domain-
specific datasets, better management of dialectal and 
morphologically rich forms of Arabic, and improved evaluation 
frameworks that take faithfulness and explainability into 
account, along with accuracy, to close these gaps.  

This research suggests a domain-specific Arabic QA system 
based on Fatwas for future work, backed by a cutting-edge 
dataset that is currently being developed. This dataset, 
compiled from verified religious portals in Saudi Arabia and 
throughout the MENA region, is intended to enable retrieval-
augmented generative QA capable of producing precise and 
well-founded answers. This resource offers a suggested path 
for developing domain-specific Arabic QA research rather than 
as a finished product. 

In conclusion, Arabic QA is still a relatively unexplored but 
exciting field in NLP. This work helps the community develop 
a more defined research agenda by synthesizing previous 
studies and defining future directions, especially in domain-
specific applications such as Fatwas. 
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