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Abstract

This paper presents the approach and results
for Sub Task 2: General Islamic Knowledge
Question Answering at QIAS 2025, a shared
task designed to evaluate the capabilities of
Large Language Models (LLMs) in answering
multiple-choice questions across diverse do-
mains of Islamic knowledge, including theol-
ogy, jurisprudence, biography, and ethics. A
Retrieval-Augmented Generation (RAG) sys-
tem powered by the Gemini language model
was developed for this task.

In the proposed system, the retriever module
performs semantic search over curated classi-
cal Islamic sources to identify passages rele-
vant to each input question, while the genera-
tor module leverages the LLM to reason over
the retrieved evidence and generate a final an-
swer. This integration of evidence retrieval
with contextual reasoning enables accurate re-
sponses across diverse knowledge areas.

On the official test set, the system achieved
an accuracy of 87%, ranking 5th out of
10 participating teams in QIAS 2025 Sub
Task 2. These results demonstrate the ef-
fectiveness of combining retrieval-based ev-
idence with generative reasoning in special-
ized religious domains, highlighting the po-
tential of RAG architectures for high-stakes,
knowledge-intensive question answering tasks
and confirming their robustness in the QIAS
2025 benchmark.

1 Introduction

Automated assessment of Islamic knowledge is a
critical task requiring both linguistic proficiency
and deep domain expertise. It faces challenges
from the complexity of Arabic morphology and
orthography, the breadth of Islamic sources, and
the demand for trustworthy responses in educa-
tional contexts.

Within the context of the QIAS2025 Shared
Task (Sub Task 2: Islamic Assesment) , exist-

ing methods based on generic LLMs, classical re-
trieval, or translation pipelines often fail to capture
domain-specific semantics, suffer from hallucina-
tions, and lack grounding in authoritative sources.
This highlights a gap between current capabilities
and the requirements of knowledge- intensive do-
mains such as Islamic studies.

To address this, a Retrieval-Augmented Gener-
ation (RAG) framework is proposed, combining
Muffakir embeddings for evidence retrieval with
Gemini 2.5 Flash Lite for generative reasoning.
Preprocessed texts are segmented into enriched
units for efficient retrieval, ensuring grounded and
accurate responses. Experiments show the system
achieves 84% precision on development data and
87% on the official test set, outperforming base-
lines in the QIAS 2025 evaluation (Bouchekif
et al., 2025a).

The main contributions are: (1) a curated Arabic
knowledge base for Islamic studies, (2) integra-
tion of retrieval with a state-of-the-art LLM, and
(3) empirical validation in high-stakes assessment
tasks under the QIAS 2025 benchmark (Bouchekif
et al., 2025a).

2 Related Work

Several studies have explored the develop-
ment of Islamic Question Answering (QA) sys-
tems, following either retrieval-based methods or
knowledge-based approaches enhanced with se-
mantic processing. An early example is (Mo-
hamed et al., 2015), which introduced Al-Bayan, a
knowledge-based Arabic answer selection system
for Islamic sciences that participated in SemEval-
2015 Task 3. By combining a Quranic ontology
enriched with Tafseer resources, keyword match-
ing, and a decision tree classifier, the system
achieved an accuracy of 74.53% and a macro-F1
score of 67.65%.

A broader perspective is provided in (Alnefaie
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Table 1: Sample of Islamic knowledge assessment questions with answer options (A–D), difficulty level, and
correct label.Latin labels are forced with \textlatin{} to avoid RTL localization.

et al., 2023), which presented a comprehensive
survey of Islamic QA systems drawing on Qur’an,
Hadith, and Fatwa sources. Their evaluation clas-
sified systems into traditional retrieval-based and
knowledge-based categories, with deep learning
models such as AraBERT, AraElectra, and mT5
showing promise but remaining highly dependent
on dataset quality. The survey applied thirteen
evaluation criteria, concluding that most current
systems suffer from limited coverage, lack of pub-
lic availability, and difficulty in handling non-
factoid questions.

Recent contributions have expanded the scope
of Islamic QA to general knowledge domains in-
cluding theology, jurisprudence, biography, and
ethics. (Qamar et al., 2024) introduced a large-
context Islamic QA dataset for non-factoid ques-
tions, derived from Qur’an, Tafsir, and Hadith.
Domain-specific legal reasoning has also been ad-
dressed; for example, (Al-Qurishi et al., 2022)
proposed AraLegal-BERT, a BERT model fine-
tuned on Arabic legal texts to enhance QA in Is-
lamic jurisprudence. Other benchmarks include
(Malhas, 2023), which developed QuranQA for
span selection tasks, and (Premasiri et al., 2022),
which introduced MadinaQA for beginner and in-
termediate Islamic studies. Advances in Retrieval-
Augmented Generation (RAG) were demonstrated
by (Alan et al., 2024), who presented Mufas-
sirQAS, while (Rizqullah et al., 2023) proposed
QASiNa, targeting QA over Sirah Nabawiyah

texts.
Work has also extended beyond Arabic into

Persian, with (Ghafouri et al., 2023), (Etezadi
and Shamsfard, 2021), and (Zeinalipour et al.,
2025) developing QA systems and benchmarks
for multi-hop and multiple-choice reasoning.
Domain-specific applications include Islamic in-
heritance law, where (Bouchekif et al., 2025b) pro-
vided benchmarks and evaluations of large lan-
guage models for legal reasoning.

Taken together, these studies highlight the in-
creasing interest in combining knowledge-based
and deep learning approaches to address the chal-
lenges of Islamic QA. The literature underscores
the importance of multilingual support, robust
reasoning across complex religious texts, and
domain-specific legal knowledge representation,
while also pointing to the potential of modern lan-
guage models and Retrieval-Augmented Genera-
tion to advance the field.

2.1 Task Setup: QIAS 2025 Shared Task

The (Bouchekif et al., 2025a) shared task has
been established as a benchmark competition to
evaluate systems for Islamic Question Answer-
ing. It consists of multiple subtasks designed
to assess models in handling diverse domains
of Islamic knowledge. This work focuses on
(Bouchekif et al., 2025a) Subtask 2: General
Islamic Knowledge QA, which targets multiple-
choice question answering across domains includ-
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ing theology, jurisprudence, biography, and ethics.
Subtask 2 attracted participation from ten in-

ternational teams. Evaluation was based on sys-
tem accuracy in selecting the correct option among
four candidates. The system presented in this
paper ranked 5th out of 10 with an accuracy
of 0.875, demonstrating the competitiveness of
lightweight RAG pipelines against more complex
architectures.

2.2 Dataset

To evaluate the proposed approach, the QIAS
2025 (Bouchekif et al., 2025a) dataset is used.
This benchmark includes multiple-choice ques-
tions on Qur’anic studies, Hadith, Fiqh, Islamic
history, and Arabic linguistics, each annotated
with difficulty level (beginner, intermediate, ad-
vanced) and the correct label. The dataset covers
both factual recall and higher-order reasoning, en-
abling assessment of comprehension and seman-
tic interpretation in Islamic knowledge. Table 1
shows sample questions with answer options, dif-
ficulty levels, and correct labels, highlighting the
diversity of jurisprudential, exegetical, and histor-
ical content.

In addition to the question–answer pairs, the
QIAS organizers provide a collection of classical
Islamic reference works that serve as the textual
backbone for knowledge-intensive tasks. These
include:

• Usul al-Fiqh and Legal Maxims

• Al-Itqan fi Ulum al-Qur’an (The Perfect
Guide to the Sciences of the Qur’an)

• Al-Sirah wa al-Shama’il (Prophetic Biogra-
phy and Characteristics)

• Tashnif al-Masamih bi-Jam‘ al-Jawami‘ (A
Comprehensive Collection of Jurisprudential
Principles)

• Manhaj al-Naqd fi Ulum al-Hadith (Method-
ology of Criticism in the Sciences of Hadith)

These books were segmented into smaller
chunks and indexed to form the system’s knowl-
edge base, allowing retrieval-augmented genera-
tion to ground answers in authoritative Islamic
sources.

3 Methodology

The Islamic knowledge assessment system is de-
signed as a multistage pipeline that combines Ara-
bic text preprocessing, embedding-based retrieval,
and large language model (LLM) generative rea-
soning. The overall workflow is depicted in Fig-
ure 1, which describes the stages from raw docu-
ment ingestion to final response generation. The
system architecture begins with a query question,
followed by query embedding, vector search for
relevant knowledge chunks, prompt construction,
LLM-based reasoning, and ultimately the produc-
tion of an answer.

Figure 1: Proposed pipeline of the Islamic knowledge
assessment system.

Document ingestion is performed by extracting
text from diverse file formats. The extracted con-
tent undergoes cleaning, which involves the re-
moval of diacritics, Tatweel, unwanted symbols,
phone numbers, emails, and URLs. Text normal-
ization for punctuation and whitespace is applied
to ensure consistency. After cleaning, the text is
split into overlapping chunks, which may be based
on words, sentences, or paragraphs. Each chunk is
annotated with metadata such as keywords, posi-
tional information, and unique identifiers.

Embedding-based retrieval constitutes the sec-
ond stage of the pipeline. The preprocessed text
chunks are transformed into dense vector repre-
sentations using the Muffakir Embedding model.
These embeddings are stored in a vector database,
allowing efficient similarity-based retrieval when
a query is introduced. The user query is also
converted into an embedding, which is compared
against the stored vectors to identify the most se-
mantically relevant passages.

Prompt construction serves as the bridge be-
tween retrieval and reasoning. Once relevant
chunks are retrieved, they are assembled together
with the user query into a structured prompt. This
ensures that the LLM receives not only the query
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but also the most contextually aligned passages,
enabling grounded and accurate responses.

Generative reasoning is executed by large lan-
guage models that process the constructed prompt.
Several models were evaluated, including Silma,
Qwen3 1.7B/8B, Aya, and Allam. Among these,
Gemini 2.5 Flash Lite demonstrated supe-
rior performance in generating coherent and con-
textually faithful answers. A flash reranker was
also tested for post-retrieval refinement; however,
direct retrieval combined with Gemini exhibited
more reliable outcomes.

The final architecture integrates these com-
ponents into a Retrieval-Augmented Generation
(RAG) system. Beginning with the query ques-
tion, the process proceeds through query em-
bedding, vector search, prompt construction, and
LLM-based reasoning, which culminates in the
generation of the final answer. This structured
pipeline enables the system to leverage external
knowledge repositories while preserving the flu-
ency and reasoning ability of modern LLMs. Ta-
ble 1 provides illustrative examples of multiple
choice questions (MCQs) produced by the system,
including their correct labels and difficulty levels.

4 Results

in Subtask 2 (Accuracy: 0.93). Detailed scores
and rankings are shown in Table 5 (Appendix B
As part of the QIAS 2025 Shared Task (Bouchekif
et al., 2025a), this system was evaluated on Sub-
task 2. On the development set, accuracies ranged
between 44.29% and 84.29% across different con-
figurations (Table 2). The highest score (84.29%)
was obtained using Gemini 2.5 Flash Lite
with Muffakir_Embedding and direct similarity
search (Top-K = 10), showing that lightweight,
well-aligned components can surpass more com-
plex pipelines.

Model size did not consistently translate
into better results, as the Qwen3 models
showed variable performance across scales
(54.43–78.00%). Embedding choice was the
most decisive factor: Muffakir_Embedding
consistently outperformed other embeddings,
while silma-embedding-matryoshka-v0.1
achieved the lowest accuracy (44.29%). Retrieval
strategy also proved critical, with direct retrieval
outperforming reranking approaches (Flash,
BGE). Chain-of-thought prompting offered only
modest improvements compared to embedding

and retrieval methods.
Overall, the findings highlight that domain-

specific embeddings, lightweight LLMs, and
simple retrieval mechanisms are more effec-
tive than scaling models or adding complex
reasoning layers. Our optimized configura-
tion—Qdrant with cosine similarity, a chunk size
of 400 characters with overlap of 100 char-
acters, Top-10 retrieval, and 768-dimensional
Muffakir_Embeddings—achieved 87.00% accu-
racy on the held-out test set, confirming strong
generalization. The complete set of hyperparam-
eters for this configuration is summarized in (Ta-
ble 3).

A breakdown by difficulty level (Table 4)
shows that performance was highest on begin-
ner questions (89.14%), followed by intermediate
(83.43%), while advanced questions proved more
challenging (75.43%). This suggests that while
the system is robust in handling straightforward
queries, further optimization is needed to improve
reasoning in complex or nuanced scenarios.

5 Conclusion

Within the framework of the QIAS 2025
(Bouchekif et al., 2025a) Shared Task , specif-
ically Subtask 2, this study demonstrates that
effective automated assessment in the domain
of Islamic knowledge can be achieved through a
carefully optimized Retrieval-Augmented Gener-
ation (RAG) pipeline. The experiments confirm
that domain-specific embeddings—particularly
Muffakir_Embedding—when paired with a
lightweight yet capable LLM such as Gemini 2.5
Flash Lite, significantly outperform larger,
general-purpose models. Contrary to common
assumptions, complex reranking strategies and
large-scale models did not yield superior results;
in this case, direct retrieval with cosine similarity
achieved the highest accuracy of 87%.

The findings underscore three key lessons for
high-stakes, domain-specific QA systems: (1)
high-quality, domain-tuned embeddings are crit-
ical for precision, (2) retrieval quality has a
greater impact than advanced reasoning prompts
or reranking layers, and (3) computational effi-
ciency and scalability can be maintained without
sacrificing accuracy.

In the official results of the shared task, the sys-
tem achieved a ranking of 5th out of 10 teams in
(Bouchekif et al., 2025a) Subtask 2, highlighting
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Table 2: Development set accuracies across configurations. “Reranker” indicates post-retrieval reranking. “CoT”
indicates Chain-of-Thought prompting.

LLM Model Embedding model Reranker / CoT Acc (%)
Qwen3 (0.6B) Arabic-Triplet-Matryoshka-V2 - 54.4
Qwen3 (1.7B) Arabic-Triplet-Matryoshka-V2 - 62.4
Gemini 2.5 Flash Lite Muffakir_Embedding - 84.3
Gemini 2.5 Flash Lite Muffakir_Embedding Flash reranker 77.9
Qwen3 (8B) mohamed2811/Muffakir_Embedding - 58.4
Aya (8B) silma-embedding-matryoshka-v0.1 - 44.3
Qwen3 (8B) Muffakir_Embedding - 78.00
Qwen3 (8B) silma-embedding-matryoshka-v0.1 BGE-reranker-v2-m3 69.0
Qwen3 (8B) mohamed2811/Muffakir_Embedding BGE-reranker-v2-m3 + CoT 75.0

Table 3: Key hyperparameters (final configuration).

Component Value
Chunk size 400 characters
Overlap 100 characters
Top-K retrieval 10 (based on cosine similarity)
Embedding dim 768 (Muffakir_Embedding)
Vector count ∼15,000
HNSW: m 64
HNSW: ef_construct 1024
HNSW: full_scan_threshold 0
HNSW: payload_m 96
Optimizers: indexing_threshold 14,000
Optimizers: default_segment_number 40
Optimizers: max_optimization_threads 4

Table 4: Accuracy by difficulty level.

Level Wrong Correct Accuracy (%)
Advanced 43 132 75.43
Beginner 38 312 89.14
Intermediate 29 146 83.43

its competitiveness in a multilingual and domain-
sensitive evaluation setting. Future research direc-
tions include expanding the knowledge base to ad-
ditional Islamic sciences, incorporating multilin-
gual capabilities for cross-lingual assessment, and
integrating adaptive difficulty calibration to fur-
ther enhance learner evaluation.

Limitations

A primary limitation of this work lies in the re-
stricted computational resources, which prevented
extensive experimentation with larger and more
advanced reasoning models that could potentially
achieve higher accuracy. In addition, the evalua-
tion of larger and more precise embedding mod-
els, as well as the use of computationally inten-
sive reranking strategies, was not feasible under
the available setup. These constraints may have
capped the system’s performance ceiling, suggest-

ing that future studies with greater resources could
further enhance both retrieval quality and answer
generation.
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