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Abstract

This paper presents our participation in the QIAS
2025 shared tasks, namely Islamic Inheritance
Reasoning and Islamic Knowledge Assessment
sub-tasks.  We propose an Islamic Retrieval-
Augmented Generation (RAG) system that inte-
grates multiple knowledge sources and seman-
tic retrieval methods. Our evaluation compares
multilingual general-purpose models and Arabic-
centric models, using the accuracy metric. Results
show that multilingual models consistently outper-
form Arabic-language models. The Mistral-large
achieved the highest accuracy in Task 1 (72%) us-
ing basic RAG with our augmented knowledge
resource, while GPT-40 with RAG and K2R re-
trieval achieved the best score in Task 2 (87.71%).
These findings highlight the effectiveness of RAG
in enhancing LLM performance for complex Is-
lamic reasoning and knowledge assessment tasks.

1 Introduction

Large language models (LLMs) demonstrate
strong capabilities in understanding, interpreting,
and generating text that is close to human lan-
guage. Several powerful multilingual general-
purpose models have emerged, such as GPT-40
and Mistral-large. There are several Arabic-
centric models developed recently, including Fal-
con (Almazrouei et al., 2023), ALLaM (Bari
et al., 2024), Mistral SABA, and Fanar (Abbas
et al., 2025), which are trained on specialized
Arabic and Islamic knowledge resources. Arabic
and religious texts present significant challenges
for LLMs due to their linguistic complexity and
the sensitive nature of Islamic teachings. Re-
cently, Retrieval-Augmented Generation (RAG)
has emerged as one of the most effective NLP tech-
niques for question-answering. It enhances LLMs
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ability by retrieving relevant information from ex-
ternal knowledge sources and then using it to gen-
erate more accurate responses (Lewis et al., 2020;
Oche et al., 2025). RAG is significant for domain-
specific applications where accuracy and reliabil-
ity are critical (Han et al., 2024).

Prior studies have applied RAG to various Is-
lamic domains, including Quranic teachings, Turk-
ish Islamic knowledge, and historical Islamic med-
ical texts (Alnefaie et al., 2024; Alan et al., 2025;
Sayeed et al., 2025). Moreover, promising re-
search has focused recently on enhancing the re-
trieval stage of the RAG pipeline through query
expansion and reformulation strategies in English
(Yang et al., 2025; Wang et al., 2024).

To the best of our knowledge, RAG techniques
have not yet been evaluated for Islamic inheritance
reasoning or Islamic knowledge assessment. We
address this gap by contributing to Task 1: Islamic
Inheritance Reasoning and Task 2: Islamic Knowl-
edge Assessment, as introduced in the QIAS 2025
shared task (Bouchekif et al., 2025a). Task 1 eval-
uates an LLLMs ability to answer questions requir-
ing precise reasoning and calculations based on Is-
lamic jurisprudence. Task 2 assesses the accuracy
of LLMs in answering general Islamic questions
across multiple disciplines. Both tasks are chal-
lenging not only because they require advanced
reasoning, but also because they include questions
of varying difficulty levels that reflect the depth
and complexity of Islamic knowledge. In this pa-
per, we investigate strategies to enhance LLMs
for Islamic QA, addressing the following research
questions: how does the combination of few-shot
prompting and RAG techniques affect the LLMs?
How does the type of LLM, general multilingual
or Arabic-centric, affect the accuracy of RAG?
Does the size of the knowledge resource affect the
performance of the RAG system? What is the ef-
fect of applying semantic retrievals through query
expansions and reformations on LLMs?
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The paper is organized as follows: In Section 2,
related works are reviewed. Section 3 details the
datasets used. Section 4 describes the proposed
system structure, while Section 5 describes the im-
plementation setup. In Section 6, the results are
presented and discussed. Finally, the paper con-
cludes with a summary and suggestions for future
work.

2 Related Works

Several studies have examined the application of
LLMs to Islamic knowledge. Alnefaie et al. (2023)
used GPT for question answering on a Quran
dataset. Bouchekif et al. (2025b) evaluated several
multilingual LLMs and Arabic LLMs with zero-
shot prompting on an inheritance dataset. These
works highlighted key limitations of LLMs, in-
cluding hallucination and misinterpretation. More
recent research has explored using RAG tech-
niques to improve LLM performance. Alnefaie
et al. (2024) applied RAG to the GPT-4 model
in the Quranic Question Answer dataset. Alan
et al. (2025) introduced the MufassirQA system,
which enhances the ChatGPT-3.5 Turbo model
with RAG by using religious knowledge resources
in the Turkish language. Furthermore, Sayeed
et al. (2025) investigated the use of RAG with
LLaMA-3, Mistral-7B, and Qwen-2 to answer
medical questions based on an old Islamic medical
text. These studies found that RAG consistently
outperforms baseline LLMs and emphasized that
its performance is highly dependent on the quality
of the retrieval and knowledge resources. How-
ever, the performance of RAG in Islamic domain-
specific knowledge remains largely underexplored.
Furthermore, promising research has recently fo-
cused on improving the retrieval stage of the RAG
pipeline through query expansion and reformula-
tion strategies in English (Yang et al., 2025; Wang
et al., 2024; Li et al., 2024). In this study, we ex-
tensively explore the RAG in both Arabic and mul-
tilingual LLMs. In addition, study the effect of
different retrieval strategies that incorporate query
expansion and reformulation methods.

3 Datasets

In this paper, we use the four officially published
datasets ! corresponding to the two subtasks of the
QIAS 2025 shared task.

1https ://gitlab.com/islamgptl1/qias_shared_
task_2025
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3.1 Task 1: Islamic Inheritance Reasoning
(Ilm al-Mawrth)

The Islamic Inheritance dataset comprises 22,000
multiple-choice questions (MCQs). Each question
includes six answer choices with only one correct
label (Bouchekif et al., 2025b). The questions
are classified into two levels of difficulty: begin-
ner and advanced. The dataset was divided into
20,000 for the training set, 1,000 for the validation
set, and 1,000 for the test set. In addition, the fatwa
dataset is used as a supplementary knowledge re-
source. It consists of 3165 fatwas from Islamic
websites covering general legal, ethical, and social
topics.

3.2 Task 2: General Islamic Knowledge

The first dataset consists of 1700 question pairs in
MCQ format covering Hadith criticism, Quranic
sciences, legal theory, and prophetic biography.
Each question has four answer choices, with one
correct answer. The data distribution is 700 ques-
tion pairs for the validation set and 1,000 for the
test set. The questions are categorized into three
complexity levels: beginner, intermediate, and ad-
vanced. Moreover, a supplementary Islamic cor-
pus was used as an external knowledge resource
for the RAG system. It comprises unsupervised
data of relevant Islamic texts. The corpus includes
approximately 50 Islamic books in MS Word for-
mat, all of which are directly related to the evalua-
tion dataset topics.

4 System Overview

The proposed system adopts the RAG architecture
(Lewis et al., 2020; Wang et al., 2024; Oche et al.,
2025) and consists of three main phases 2: Knowl-
edge Resource Preparation, Retrieval, and Answer
Generation, as illustrated in Appendix A. The
Knowledge Resource Preparation phase is con-
ducted offline, where documents are preprocessed
and converted into vector representations. This
phase includes four modules: loading, chunking,
embedding, and indexing. First, the input docu-
ments are loaded and preprocessed to produce nor-
malized, cleaned text. Next, the chunking module
divides the documents into smaller units. This step
is essential for improving retrieval effectiveness,
enabling embedding storage, and addressing the

%in The code is available in our repository:https://
github.com/S-Alowaidi/SEA-RAG_Enhancing-LLMs
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context-length limitations of LLMs. In our exper-
iments, we used token-aware recursive chunking
to segment documents into semantically coherent
units, ensuring token compatibility with the em-
bedding model’s tokenization. Following the rec-
ommendations in (Wang et al., 2024), we set the
splitter to 500 tokens per chunk with a 50-token
overlap. The embedding module then transforms
each chunk into a high-dimensional dense vector
using OpenAl Embeddings, enabling efficient se-
mantic similarity searches. Finally, the indexing
module stores these embeddings in a FAISS (Face-
book AI Similarity Search) vector database. The
Retrieval and Answer Generation phases are exe-
cuted in real time. At query time, the question is
embedded, and the retrieval module searches for
the most relevant chunks in the vector index. We
propose three semantic retrieval methods: basic
similarity search and two semantically enhanced
strategies. For the enhanced methods, keywords
are extracted offline using GPT-4o0. Candidate
keywords are filtered to remove noise by elim-
inating stop words, short terms, and duplicates,
as well as semantically irrelevant items using co-
sine similarity (threshold = 0.3) against the orig-
inal question. Basic Similarity Search: retrieves
chunks in a single pass using the original query.
Keyword-Augmented Two-Stage Retrieval (K2R):
performs parallel retrieval using the original query
and semantically filtered keywords, then merges
and deduplicates the retrieved chunks. Multi-
Query Reformulation with Keywords (MQR-K):
reformulates each keyword with the query into a
complete sub-question in Arabic, retrieves seman-
tically similar chunks in parallel, and merges the
results for diversification. In the Answer Genera-
tion phase, the retrieved context is combined with
the question and its answer choices in a structured
prompt, which is then sent to the LLMs. The out-
put undergoes a post-generation validation step to
ensure compliance with the single-letter MCQ an-
swer format.

5 Experimental Setup

All experiments were run on Google Colab and
used the LangChain framework. Embeddings are
generated using text-embedding-3-large (OpenAl)
and stored in a FAISS flat index with cosine simi-
larity. The retrieval module is configured to return
the top-k = 4 chunks per query. To address the
third research question, in Task 1, we evaluate two

Model 3-Shot Fatwa Expand-K K2R
Fanar 53.3 57.8 62.8 59.5
Mistral-S  43.8 50.1 55.6 53.2
Mistral-L  61.5 66.0 72.0 70.0
ALLaM  47.8 50.6 53.2 435
GPT-40 575 58.9 61.6 63.4

Table 1: Task 1 results comparing Few-Shot Prompting,
Basic RAG (Fatwa only), Expanded Knowledge (Fatwa
+ Train), and RAG with K2R.

Model Few-Shot Basic K2R MQR
Fanar 2943 57.86 54.14 55.71
Mistral-S  66.07 75.86 7629 72.43
Mistral-L.  78.29 83.86 77.57 176.00
ALLaM  71.29 7729 79.43 77.43
GPT-40 83.71 83.86 87.71 85.57

Table 2: Task 2 results comparing Few-Shot prompting,
Basic RAG, K2R retrieval RAG, and MQR-K retrieval
RAG.

datasets. The first is the fatwa dataset as a baseline
knowledge resource for RAG. In addition, we pro-
posed an expanded dataset that combines the fatwa
dataset with MCQ training data by including ques-
tion and correct-answer pairs as additional contex-
tual knowledge. In the generation phase, we evalu-
ate several LLMs in three-shot prompting, includ-
ing GPT-40 3, Mistral-large-latest #, Fanar Islamic-
RAG >, Allam-7B °, and Mistral-SABA-24B 7.

6 Results and Discussion

Task 1: Table 1 shows the results on the de-
velopment set. The Mistral-large model achieved
the highest accuracy 72.0% when using RAG
with the expanded fatwa dataset. Comparing the
fatwa-only dataset to the augmented version, the
Arabic-centric models Mistral-SABA-24B and Fa-
nar Islamic-RAG benefited the most, with gains
of 6.3 and 4.5 points, respectively. ALLaM-7B
showed the least improvement. On the other
hand, Mistral-large had the second-highest gain
6.0 points, while GPT-40’s improvement was rel-
atively small at 2.7 points. This highlights how
the reasoning ability of multilingual models can
be greatly enhanced by adding domain-specific
knowledge. Test set: For the test set, we selected

3via OpenAl APL:https://platform.openai.com/
“via Mistral APL:https://mistral.ai/

Svia Fanar APL:https://fanar.qa/

Svia: https://huggingface.co/transformers
"via Groq API
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Model T1Ed T1K2R T2R T2K2R
Mistral-L  61.1 63.0 87.7 89.1
GPT-40 599 57.1 87.8 89.0

Table 3: Results on test set for Taskl: T1Ed refers to
Expanded Knowledge, T1K2R refers to K2R retrieval
RAG. Task2:T2R refers to Basic RAG, T2K2R refers
to K2R retrieval RAG

the best-performing approaches based on the re-
sults from the development set. As presented in
Table 3, Mistral-large achieved the highest accu-
racy using the K2R method, reaching 63%. Unlike
the development set, its performance improved in
the test set. In contrast, GPT’s performance with
the K2R method declined slightly in the test data.

Task2:

Table 2 shows the accuracy results for different re-
trieval methods in answering general Islamic ques-
tions. GPT-40 achieved the highest accuracy of
87.71% using the K2R retrieval method, outper-
forming its baseline RAG. This is expected since
GPT-40 has been trained on a large amount of
data, including Islamic knowledge. Mistral-large
achieved the second-highest accuracy in the base-
line RAG 83.86%. However, its performance
dropped slightly with the K2R and MQR-K re-
trieval methods (77.57% and 76.00%, respectively.
The performance of Arabic-centric models varied
across retrieval methods. ALLaM-7B and Mistral-
SABA performed best with K2R, while Fanar
achieved its best results, 55.71%, with MQR-K.

Test set: For the test set, we chose two strate-
gies based on their performance during the devel-
opment phase. The table 3 indicates that Mistral-
large and GPT-40 achieved very similar results,
both reaching approximately 89% with the K2R
method. Therefore, the expanded query could be
a promising approach to enhancing RAG.

Overall Analysis Based on the results, it is
clear that RAG performance is heavily dependent
on the quality of the retrieved contexts. Enhancing
retrieval with the K2K approach outperformed ba-
sic RAG retrieval for all models. However, the per-
formance continued to fluctuate compared to the
knowledge-enrichment approach and depended on
the nature of the task and the model used. For ex-
ample, in task 1, the nature of inheritance law texts
often shares similar keywords (e.g., wife, paternal
mother, heirs). Hence, refining the query by broad-
ening keywords could produce a wider context that
distracts the LLMs. In the case of multiple-query

reformulation (MQR), we observed a general drop
in performance for most models, except Fanar,
which showed a slight improvement. This may
be due to the static reformulation method used,
which can cause loss of semantic meaning and in-
troduce noise. The results show that, in general,
Arabic-centric models benefit from higher recall
when broadening the context by expanding queries
with keywords. In contrast, stronger models per-
form better with fewer but more relevant contexts.

7 Conclusion

This work presents our contributions to the QIAS
2025 shared task, focusing on Task 1: Islamic In-
heritance Reasoning and Task 2: Islamic Knowl-
edge Assessment. We propose an Islamic RAG
system that leverages multiple knowledge sources
and retrieval methods, utilizing more than five
different LLMs. Our experimental results show
that multilingual general-purpose models outper-
form Arabic-language models in both tasks. For
Task 1, Mistral-large achieved the best perfor-
mance (72%), while for Task 2, GPT-40 delivered
the strongest results in general Islamic knowledge
reaching (87.71%). Among the Arabic models,
Fanar performed best in Task 1 by 62.8%, and
ALLaM-7B led in Task 2 by 79.43%. We also
observed that expanding the knowledge sources
in Task 1 improved the performance of all mod-
els, with the most notable gains for Arabic models
such as Fanar and ALLaM-7B.

Regarding the use of RAG with a semantic
retrieval strategy, results indicate that semantic
retrieval RAG generally outperformed three-shot
prompting across all models and both tasks. How-
ever, its advantage over basic RAG varied accord-
ing to the nature of the task data and the model.

Future research should explore alternative query
expansions and reformulation approaches, such as
using LLMs to generate more semantically rele-
vant queries dynamically. In addition, investigat-
ing other RAG enhancement techniques, includ-
ing re-ranking and document summarization, may
yield further improvements. Finally, we empha-
size the importance of developing high-quality Is-
lamic knowledge sources to improve model re-
learning effectively.
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Figure 1: The proposed RAG system architecture

B Keyword-Augmented Two-Stage
Retrieval (K2R)

The K2R approach retrieves documents using a
multi-query parallel FAISS search. Figure 2 de-
scribes the general steps for RAG based on the
K2R method.

C Multi-Query Reformulation with
Keywords (MQR-K)

This approach is based on reformulating the ques-
tion using a fixed Arabic template to generate one

Model Beg. Int. Adv.
Mistral-L | T2R 90.57 85.33 76.67
GPT-40 | T2R 90.29 90.00 74.00
Mistral-L | T2K2R 9229 85.33 78.00
GPT-40 1 T2K2R 9257 87.33 74.00
Mistral-L | T1Ed 75.20 - 47.00
GPT-40 | T1Ed 72.60 - 47.20
Mistral-L | TIK2R  78.80 - 47.20
GPT-40 | TIK2R  77.40 - 36.80

Table 4: Accuracy (%) across difficulty levels Begin-
ner (Beg.), Intermediate (Int.), Advanced (Adv.). A
dash (-) indicates an unavailable level. For Task 1:
T1Ed refers to Expanded Knowledge, T1K2R refers to
K2R retrieval RAG. Task 2:T2R refers to Basic RAG,
T2K2R refers to K2R retrieval RAG

Input: question g, options O ={A: 01, B: 02, C: 03, D: 04, (E: 05), (F: 06)},
vectorstore V, LLM model M
Output: prediction answery € {A:F}
Step 1: Keyword extraction and filtering:
K_raw ¢ extract_keywords(q)
K « filter_keywords(K_raw, q)
Step 2: Query construction:
Q< [q]+K //multi-query list
Step 3: Parallel Retrieval:
D_all « U retrieve_topk(V, i) for qi €Q
D € deduplicate(D_all)
Step 4: Context building:
C €« concatenate(contents(d) for d € D)
Step 5: Prompt construction:
P € compose(few_shots, task_instructions, C, g, O)
Step 6: Generation and validation:
y_raw « LLM(M, P)
y € normalize_to_single_choice(y_raw, allowed=keys(O))

returny

Figure 2: RAG based on the Keyword-Augmented
Two-Stage Retrieval (K2R) approach

query per keyword. Figure 3 explains the general
steps for RAG based on the MQR-K method.

D Prompt

Figure 4 demonstrates the prompt used in the ex-
periments. The few-shot examples refer to three
examples specifically for the target task taken from
the training data. The context refers to the docu-
ments retrieved using one of the retrieval methods,
baseline semantic similarity, K2R, or MQR.

E In-depth Analysis

Table 4 presents the performance of various mod-
els on Task 1 and Task 2 across three difficulty
levels: beginner, intermediate, and advanced. The
results indicate that all models generally achieved
high accuracy on beginner-level questions for both
tasks.

In Task 1, the Mistral-large model answered ap-
proximately 75.20% of beginner questions, while
the GPT-40 model answered about 72.60% when
applying the RAG with the expanding knowledge
approach. However, for advanced questions, the
accuracy of most methods in answering these ques-
tions reaches only about 47%, indicating weaker
performance on questions that require complex in-
heritance reasoning compared with simpler ones.
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Input: question g, options O ={A: 01, B: 02, C: 03, D: 04, (E: 05), (F: 06)},
vectorstore V, LLM modelM

Output: prediction answery € {A:F}
Step 1: Keyword extraction and filtering:
K_raw < extract_keywords(q)
K « filter_keywords(K_raw, q)
Step 2: Query construction:
for each kw € K:
q_i €« "Given the question: {g} what information
is available about:{kw}?" // substitute q and kw into q_i
addg_itoQ
Step 3: Parallel Retrieval:
D_all « U retrieve_topk(V, qi) for gi € Q
D < deduplicate(D_all)
Step 4: Context building:
C € concatenate(contents(d) for d € D)
Step 5: Prompt construction:
P ¢« compose(few_shots, task_instructions, C, g, O)
Step 6: Generation and validation:
y_raw € LLM(M, P)
y € normalize_to_single_choice(y_raw, allowed=keys(O))

returny

Figure 3: RAG based on the Multi-Query Reformula-
tion with Keywords (MQR-K) approach

Additionally, the K2R retrieval RAG approach
made substantial improvements on beginner-level
questions. In contrast, for advanced questions,
while the Mistral-large model maintained its accu-
racy in the K2R approach, the performance of the
GPT-40 model decreased when queries were ex-
panded with keywords.

For task 2, which focused on general Islamic
knowledge, most approaches demonstrated excep-
tional performance, achieving accuracy rates of
92.57%, 90%, and 78% at the beginner, interme-
diate, and advanced levels, respectively. It is clear
from the results that the K2R retrieval method
achieved a notable improvement at the beginner
and advanced levels across models. Moreover,
the results show that while Mistral-large and GPT-
40 both performed similarly overall, the Mistral-
large model often slightly outperformed the GPT-
40 model on advanced questions.

prompt = f"""

{few_shot_examples}

Context:

{context}

You are a specialist in Islamic sciences.

Your task is to answer multiple-choice
questions by selecting the correct option.
Question:

{question}

{options_text}

Please respond using only one English letter from:
{valid_letters}

Do not write any explanation or additional text.
"t ostrip()
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Figure 4: The prompt used for the RAG system




