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Abstract

The Holy Qur’an provides timeless guidance,
addressing modern challenges and offering an-
swers to many important questions. The Qur’an
QA 2023 shared task introduced the Qur’anic
Passage Retrieval (QPR) task, which involves
retrieving relevant passages in response to ques-
tions written in modern standard Arabic (MSA).
In this work, we evaluate the ability of seven
large language models (LLMs) to retrieve rel-
evant passages from the Qur’an in response to
given questions, considering zero-shot and sev-
eral few-shot scenarios. Our experiments show
that the best model, Claude, significantly out-
performs the state-of-the-art QPR model by 28
points on MAP and 38 points on MRR, exhibit-
ing an impressive improvement of about 113%
and 82%, respectively.

1 Introduction

The Holy Qur’an holds an immense spiritual, legal,
and ethical significance for over a billion Muslims
worldwide. Islamic scholars frequently engage
with its verses to address theological, ethical, and
societal questions. However, its unique structure,
linguistic depth, and rhetorical style make it a chal-
lenging source for precise information retrieval.
Qur’an QA 2023 shared task (Malhas et al.,
2023) directly addresses this need, introducing the
Qur’anic Passage Retrieval (QPR) task, which is
the focus in this work. QPR is defined as follows:

Given a question written in modern stan-
dard Arabic (MSA), retrieve up to 10
Qur’anic passages, where a Qur’anic
passage is a consecutive sequence of
verses from a specific Qur’anic chapter.

A question can potentially have multiple answers or
possibly no answer in the Qur’an. Figure 1 shows
an example of this task, where an MSA question is
given, and the answer is a Qur’anic passage.
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Where was the journey of Al-Isra and Al-Miraj?
[1-1:17] Exalted is He who took His Servant by night
from al-Masjid al-Haram to al-Masjid al-Aqsa, whose
surroundings We have blessed, to show him of Our
signs. Indeed, He is the Hearing, the Seeing.
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Figure 1: Example of QPR question and a relevant
passage from Qur’an, with translations.

The task has proven challenging, as evidenced by
the low performance scores of the best participating
teams in the shared task; for instance, the top team
achieved a MAP score of 0.251 and an MRR score
of 0.461, indicating substantial room for improve-
ment. The emergence of Large Language Models
(LLMs) offers a promising opportunity to support
Islamic scholars in navigating this sacred text. With
advanced natural language understanding, LLMs
can potentially identify relevant Qur’anic passages
in response to MSA questions.

This work explores using LLMs for QPR, as-
sessing their ability to identify relevant Qur’anic
verses. Specifically, we address the following re-
search questions:

* RQ1: What is the effect of prompt engineer-
ing on the performance of LLMs for QPR?

* RQ2: How effective are LLMs for QPR com-
pared to the current state-of-the-art (SOTA)
models?

Our main contribution in this work is three-fold:

1. We evaluate several pre-trained LLMs for
the QPR task using different prompting tech-
niques.

2. Our approach significantly outperforms SOTA
performance.
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3. We provide a failure analysis of LLMs’ re-
sponse in the QPR task.

The rest of the paper is organized as follows. Sec-
tion 2 reviews related work. Section 3 details the
prompting techniques we used with the LLMs. Sec-
tion 4 outlines our experimental setup. Section 5
presents and discusses our experimental results.
Section 6 concludes our study. Finally, Section 7
lays out some considerable limitations and ethical
issues related to our work.

2 Related Work

Automatic Question Answering (QA) systems
have been instrumental in aiding information re-
trieval and interpretation across domains, includ-
ing Arabic and Qur’anic texts (Malhas and El-
sayed, 2020, 2022). Early Arabic QA research
introduced systems like QARAB (Hammo et al.,
2002) and explored neural networks and transform-
ers to enhance open-domain factoid QA (Mozan-
nar et al., 2019). For Qur’anic texts, Basem et al.
(2024) expanded the dataset originally provided
by the Qur’an QA 2023 shared task and signifi-
cantly enhanced MAP and MRR results by fine-
tuning Arabic models like AraBERT and Ara-
ELECTRA. While other approaches, including
translation-based retrieval and embedding-based
techniques (Alawwad et al., 2023), have improved
performance, they often overlook the potential of
LLMs for direct QA.

Recent studies have demonstrated the efficacy of
LLMs in tackling complex retrieval tasks, particu-
larly for QPR. Techniques such as transfer learn-
ing (Mahmoudi et al., 2023), retrieval-augmented
generation (Alan et al., 2024), and semantic search
using LLLM embeddings (Alqarni, 2023) have
shown significant promise. Yet, challenges per-
sist in handling classical Arabic due to its linguistic
nuances (Alnefaie et al., 2023). Building on these
advancements, this work evaluates the ability of
LLMs to address the QPR task, aiming to assess
their performance against SOTA models.

3 Prompting techniques

While our method is quite straightforward, sim-
ply prompting the LLM to answer the input ques-
tion, the prompt design has multiple intricacies that
make it more suitable for this task. We use three
types of prompting strategies: Zero-shot, Chain-of-
Thought, and In-context Learning (with random or
semantically similar few-shot examples).
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Figure 2: An example of a zero-shot prompt, including
the instructions and the input.

It is crucial to note that, given the sacred nature
of the Qur’an, directly generating its text using
LLMs is not advisable due to the risk of halluci-
nations or distortions. Consequently, our experi-
ments restrict the LLM’s output to only the surah
name and verse numbers. We then employ a post-
processing step to validate and accurately match
the output with corresponding Qur’anic passages.

Zero-shot In this setup, the LLM is directly
prompted to answer the question without any ad-
ditional context or examples. The prompt in-
structs the model to provide evidence from the Holy
Qur’an in the form of the Surah name and verse
range. It also specifies that the response should be
“No answer” when no answer is found, and include
at least 10 answers formatted as a numbered/ranked
list. These core instructions are applied uniformly
to all the LLMs and prompt variations in our exper-
iments. Figure 2 shows our zero-shot prompt.

Chain-of-Thought Chain-of-thought prompting
encourages the LLM to “think” before answering
(Kojima et al., 2024). For the QPR task, we in-
structed the LLM to “think step by step” by re-
ferring to the Tafseer (explanation of the Qur’an)
before answering. An example is shown in Figure
6, Appendix A.

In-context Learning In-context learning in-
volves providing the LLM with task demonstra-
tions as part of the prompt. Example selection is
crucial as it directly affects response quality. We
explore two approaches: random and semantically-
similar few shots. Inspired by Liu et al. (2022),
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we use the BM25 model to retrieve the most rele-
vant question-passage pairs from the training set
as few-shot examples for input queries. Our ap-
proach begins by concatenating each training-set
question with its corresponding answer into a sin-
gle document. We then apply BM25 to retrieve the
most relevant documents to each query. For test
queries, we expand the candidate pool by including
questions from both the training and development
sets. Finally, we select the top examples returned
by BM25 to serve as few-shot examples for each
test query. An example of the few-shot prompt is
shown in Figure 8, Appendix A.

4 Experimental Setup

LLM Selection We initially selected 6 LLMs
based on three criteria: having a user-friendly in-
terface for non-technical users, based on diverse
foundation models, and being trained on Arabic
data. The chosen models were ranked among the
top on the Arena Elo benchmark of the LMSYS
Chatbot Arena Leaderboard! at the time of our
experiments. Accordingly, we selected the fol-
lowing LLMs: GPT-40,% Deepseek-V3 (671 B pa-
rameters),3 Claude-3.5-sonnet,* Gemini-2.0-flash,’
Command R+ (104B parameters),® and Mistral-
large (123B parameters).” We also include Fanar
(7B parameters),8 the most recent Arabic-centric
LLM that showed superiority over multiple Arabic-
centric LLMs (Team et al., 2025). We used the
LLMs official APIs, and set the temperature to O to
minimize randomness and ensure reproducibility.

Test Collection We utilize the QPR test collec-
tion developed by the Qur’an QA 2023 shared task’
for evaluation. It consists of 1,266 topic-segmented
Qur’anic passages and a total of 251 questions, re-
sulting in 1,599 question-passage pairs. The test
collection is split into training (70%), development
(10%), and test (20%) sets. However, our approach
does not utilize the entire training split (mainly re-
served for selecting the few-shot examples); hence,

1https://huggingface.co/spaces/lmsys/
chatbot-arena-1leaderboard
2https://chatgpt.com
3https://chat.deepseek.com
4https://claude.ai
5https://aistudio.google.com
6https://coral.cohere.com
7https://chat.mistral.ai/chat
8https://chat.Fanar.qa
9https://gitlab.com/bigirqu/quran—qa—2023/—/
tree/main/Task-A

we reallocate 30% of the data from the training
data to the development set, resulting in revised
proportions of 40%, 40%, and 20% for training,
development, and test sets, respectively.

Evaluation Measures We report the same evalu-
ation measures used in the Qur’an QA 2023 shared
task, namely, Mean Average Precision (MAP) and
Mean Reciprocal Rank (MRR) at rank 10. For a
fair comparison with participants of the shared task,
our models retrieve up to 10 passages per question.

Baselines We compare the performance of the se-
lected LLMs with the two best-performing teams in
Qur’an QA 2023: TCE (Elkomy and Sarhan, 2023)
and AHJL (Alawwad et al., 2023), representing
the current SOTA models for the task. TCE is an
ensemble cross-encoder model trained on Arabic
retrieval test collections and achieved SOTA per-
formance on QPR. AJHL, the second-best model,
translated MSA questions into English with GPT-
3.5 and employed a retrieve-then-rerank approach.

S Experimental Results and Analysis

In this section, we present our experimental results
to answer the research questions. Section 5.1 dis-
cusses the performance of the different prompting
techniques. Section 5.2 compares the performance
of the best prompt for each LLM with the SOTA
baselines. Finally, Section 5.3 presents some error
analysis of LLM responses.

5.1 Prompt Optimization (RQ1)

For each LLM, we evaluated eight distinct prompts:
zero-shot (ZS), chain-of-thought (CoT), random
few-shot (FS-R), and semantically-similar few-shot
(FS-S), with n-shots set to 1, 2, and 3. Initially, all
prompts were assessed on the development set to
identify the optimal setup for each LLM individu-
ally (which will be used later on the fest set) based
on MAP (the official measure in the shared task).
Figure 3 illustrates the MAP performance for those
eight prompts across each LLM.

ZS vs. CoT Prompts Both ZS and CoT prompt-
ing yielded comparable results for all LLMs, with
an average difference of 1.8 points. However, the
effectiveness of CoT prompting in enhancing per-
formance was inconsistent. Only three of the LLMs
showed improvement with CoT prompting, with
Mistral achieving the most significant gain of 3.6
points. This suggests that the benefits of CoT
prompting are model-dependent.
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Figure 3: MAP performance on the development set of different LLMs, with all the prompts

Few-shot Prompts When comparing the ZS
prompts with the FS prompts, most LLMs demon-
strated improvements with one or more variants
of the FS prompts over the ZS prompt, except for
Claude and Fanar. This suggests that these two
models in particular did not benefit from the addi-
tional information provided by the n-shot prompts.
We also note that the FS-S prompt consistently out-
performed its FS-R counterparts in both DeepSeek
and Gemini across all n-shot values. Interestingly,
an inverse trend was noted with GPT-4o0 and Fa-
nar. For the remaining LLMs, no consistent pattern
was observed between the FS-R and FS-S prompts;
nonetheless, the best-performing prompt among
them was one of the FS-S variants.

Performance Consistency Notably, Com-
mand R+ emerges as the most consistent LLM in
performance, exhibiting only a 2.1-point difference
between its best and worst-performing prompts,
followed by DeepSeek with a difference of 5.6
points. In contrast, Mistral demonstrated the
greatest inconsistency, with a disparity of 13.6
points between its best and worst prompts.
Overall, LLM performance varied significantly
across different prompting techniques. These find-
ings highlight the importance of prompt engineer-
ing, as optimal prompts vary across LLMs, rein-
forcing that one prompt does not suit all models.

5.2 LLMs vs. SOTA (RQ2)

Table 1 presents the results on the fest set for the
best-performing prompt of each LLLM, alongside a
comparison with the SOTA baselines.

We note that all LLMs (except Fanar) out-
perform both baselines. In particular, the best-
performing LLM, Claude (ZS), outperforms SOTA
by 28 points in MAP and 38 points in MRR, ex-
hibiting an impressive improvement of 113% and
82.6%, respectively. The next best model, GPT-40
(FS-R 3-shots) outperformed SOTA by about 20

Model MAP MRR
TCE 0.251 0.461
AJHL 0.200 0.389
Claude (ZS) 0.535 0.842
GPT4o0 (FS-R 3-shots) 0.458 0.776
Gemini (FS-S 1-shot) 0.368 0.693
Deepseek (FS-S 1-shot) 0.374 0.654
Command R+ (FS-S 1-shot) 0.303 0.526
Mistral (FS-S 2-shots) 0.291 0.519
Fanar (ZS) 0.156 0.295

Table 1: MAP and MRR performance on the test set for
the LLMs with their best prompting strategy.

and 31.5 points respectively. Those improvements
represent a substantial advancement in retrieval ac-
curacy compared to the baselines, suggesting that
direct prompting strategies with pre-trained LLM
capabilities can enhance performance in QPR. Nev-
ertheless, while this represents a significant im-
provement, yet the absolute MAP performance re-
mains insufficient for the real-world scenario, es-
pecially given the high factual accuracy required
in this domain. This points to a critical area where
LLM capabilities still need further refinement.
Interestingly, Fanar was the lowest-performing
model, failing to outperform the baselines, de-
spite being trained on Islamic data. This might
be attributed to its smaller size compared to other
LLMs; however, this highlights the need for more
advanced Arabic-centric LLMs trained on Arabic
and religious texts, to effectively handle such tasks.

5.3 Failure Analysis

We further analyzed the output of the LLMs on
the test set. We note that Claude was the most
reliable model, exhibiting minimal hallucinations
and accurately following prompt instructions. It
never fabricated a Surah name and consistently
provided concise responses, rarely exceeding 10
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LLM Min, Max Ans Ans>10 Avg. Ans Correct “No Ans”
Claude (ZS) 0,12 10 8.2 4/6
GPT4o (FS-R 3-shots) 0,10 0 6.5 2/2
Gemini (FS-S 1-shot) 0,51 28 10.9 3/14
Deepseek (FS-S 1-shot) 0,59 10 9.6 1/3
Command R+ (FS-S 1-shot) 0,55 19 9.9 3/6
Mistral (FS-S 2-shots) 0,19 32 10.2 6/16

Fanar (ZS) 0,8 0 2 0/1
Ground Truth 0, 30 16 8.4 7

Table 2: Summary of output ranges and statistics of answers (Ans) generated by the LLMs. The “No Ans” column
shows the ratio of correct “No answer” responses to the total instances where the model produced no answer.
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Figure 4: Average Precision (AP) performance of
Claude (ZS) vs. number of relevant answers per query.

answers, with a maximum of 12. The only error
observed was a single “Out of Range” instance,
where it cited a verse number beyond the Surah’s
content. Focusing on our top model, Claude (ZS),
Figure 4 presents its Average Precision (AP) scores
per query on the test set, plotted against the number
of relevant answers. Generally, queries with fewer
relevant answers achieve higher AP scores, while
those with more than 10 relevant answers consis-
tently score below 0.6, indicating poor recall.

Table 2 compares the statistics of the generated
responses by the LLMs against that of the actual
ground truth, highlighting differences in the dis-
tribution of the number of generated answers per
query on the test set. Claude was the most reliable,
closely matching the ground truth with an average
number of 8.2 answers per query, while GPT-40
was overly conservative, never exceeding ten an-
swers. In contrast, Gemini, Deepseek, Command
R+, and Mistral frequently over-generated, with
Gemini and Deepseek producing up to 51 and 59
answers, respectively. Fanar was the most restric-
tive, averaging only 2 answers per query.

For the “No answers” responses, Mistral and
Gemini struggled with this, achieving 6/16 and
3/14 correct zero answers, respectively, while GPT-

4o correctly identified 2/2 cases. These variations
reflect different inclinations towards hallucination,
conservatism, and refusal strategies among LLMs.

6 Conclusion

In this work, we evaluated 7 pre-trained LLMs
using diverse prompting strategies (zero-shot, ran-
dom few-shot, and similarity-based few-shot) to
address the QPR task introduced in Qur’an QA
2023 shared task. Notably, Claude, in a zero-shot
setting, significantly outperformed the state-of-the-
art models by 28 points and 38 points on MAP
and MRR metrics, respectively. Despite being still
far from ideal, this demonstrates the potential of
LLMs to overcome the inherent challenges of the
Qur’an’s linguistic complexity, offering scholars a
potentially powerful tool for efficient and accurate
retrieval of relevant passages.
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7 Limitations and Ethics

This study has several important limitations. First,
the scope of our work is confined to evaluating
pre-trained LLMs without fine-tuning, even though
fine-tuning could potentially enhance their perfor-
mance in domain-specific tasks. Furthermore, our
analysis focuses exclusively on LLMs that have
user-friendly interfaces, which inherently limits the
range of models under examination.

A critical consideration lies in the ethical sensi-
tivity of this task. As LLMs grow more capable and
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accessible, users increasingly deploy them for pur-
poses aligned with their personal needs or interests,
including QPR. While our role here is to rigorously
evaluate model performance in such contexts, we
explicitly emphasize that this research does not en-
dorse the use of current LLMs for religious inquiry
or interpretation. Our objective is strictly to assess
the technical capabilities and limitations of these
models when handling sensitive religious content.
We stress that LLMs frequently produce inac-
curate or inconsistent outputs when generating
Qur’anic text, as demonstrated in our results. This
underscores the need for a robust validation frame-
work to filter, verify, and contextualize LL.M out-
puts before they are presented to users. Such safe-
guards are essential to prevent misinterpretations
and uphold respect for religious texts. Finally, we
reiterate that this work serves as a technical evalu-
ation of LLM performance, not a practical recom-
mendation for real-world religious applications.
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A Prompt Design

The zero-shot prompt, as shown in Figure 2, asks
the LLM to answer the question directly based
on the instructions. The translation is provided in
Figure 5. The CoT prompt, depicted in Figure 6,
extends the zero-shot prompt by adding a CoT sen-
tence. The translation can be found in Figure 7.
The few-shot prompt builds upon the zero-shot
prompt by incorporating examples. An example
of this is shown in Figure 8, with its translation in
Figure 9.

e Y

Provide evidence from the Quran that helps answer
the question. The evidence should consist of a
connected set of verses. If there is no answer to the
question in the Quran, respond with *No answer.’
Please provide at least 10 pieces of evidence.
Question: A question about evidence from the
Qur’an

Evidence from the Qur’an: A list of evidence,
each containing only the name of the surah and the
verse numbers. Organize the evidence as follows:
1- Surah Name <> Verses from <> to <>

2- Surah Name <> Verses from <> to <>
Question: How can we reconcile between fear of
Allah and hope in Him?

Evidence from the Qur’an:

Figure 5: Figure 2 translation, containing instructions
and the input.

B Error Analysis

Figure 10 shows an example of some types of fail-
ures and formatting issues by the LLMs, where
“aadl 8,97, Al-Qasas, Surah number 28, con-
tains only 88 verses, and the LLM gave multiple
out-of-range answers. In some cases, the model
listed all the verses in the Surah as different an-
swers, attempting to coincidentally find the correct
one. Additionally, the model generated extrane-
ous questions and answers on its own. As a re-
sult, post-processing was necessary to extract only
the desired answers. This issue is handled in the
post-processing, where we extract only the verse
numbers and map them to their respective passages.
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Figure 6: An example of CoT prompt, including the
instructions, input and the CoT sentence.

Provide evidence from the Quran that helps answer
the question. The evidence should consist of a
connected set of verses. If there is no answer to the
question in the Quran, respond with "No answer.’
Please provide at least 10 pieces of evidence.
Question: A question about evidence from the
Qur’an

Evidence from the Qur’an: A list of evidence,
each containing only the name of the surah and the
verse numbers. Organize the evidence as follows:
1- Surah Name <> Verses from <> to <>

2- Surah Name <> Verses from <> to <>
Question: How can we reconcile between fear of
Allah and hope in Him?

Evidence from the Qur’an:

Let’s think step-by-step by looking at the interpre-
tation of the Quran to answer the question.

Figure 7: Figure 6 translation, containing the instruc-
tions, input and the CoT sentence.
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Figure 10: Example of the error types, showing the input
question, the correct answer, the out-of-range answers,
and the additional generated questions and answers.

Figure 8: An example of the few-shot prompt including
the instructions, few-shot examples, and the input.

Provide evidence from the Quran that helps answer
the question. The evidence should consist of a
connected set of verses. If there is no answer to the
question in the Quran, respond with *No answer.’
Please provide at least 10 pieces of evidence.
Question: A question about evidence from the
Qur’an

Evidence from the Qur’an: A list of evidence,
each containing only the name of the surah and
the verse numbers.

Question: Is light the same as "nur" in the Quran?
Evidence from the Qur’an:

1. Surah Yunus, verses 3 to 6

2. Surah An-Nur, verses 35 to 38

3. Surah Al-Baqgarah, verses 17 to 20

How can we reconcile between fear of Allah and
hope in Him?
Evidence from the Qur’an:

Question: Does Allah accept a righteous deed per-
formed by a person who does not believe in Allah?
Evidence from Qur’an:

1. Surah Al-Qasas, verse 88

1. Surah Al-Qasas, verse 97

2. Surah Al-Qasas, verse 99

3. Surah Al-Qasas, verse 107

Question: What is the cursed tree in the Qur’an?
1. Surah Al-Isra, verse 60

2. Surah As-Saffat, verse 57

3. Surah Al-Hijr, verse 18

Question: What are the sacred months?
Evidence from Qur’an:

1. Surah At-Tawbah, verse 36

Figure 11: Figure 10 translation, showing the input
question, the correct answer, the out-of-range answers,
and the additional generated questions and answers.

Figure 9: Translation of the prompt given in Figure 8
including the instructions, Few-shot examples, and the
input.
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