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Abstract

Large Language Models (LLMs) are increas-
ingly used for Islamic question answering,
where ungrounded responses may carry se-
rious religious consequences. Yet standard
MCQ/MRC-style evaluations' do not capture
key real-world failure modes, notably free-form
hallucinations and the ability to abstain when
evidence is insufficient. To address this gap,
we introduce ISLAMICFAITHQA, a 3,810-item
bilingual (Arabic/English) generative bench-
mark with atomic single-gold answers, which
enables direct measurement of hallucination
and abstention. We additionally developed an
end-to-end grounded Islamic modeling suite
consisting of (i) 25K Arabic text-grounded
SFT reasoning pairs, (ii) 5K bilingual pref-
erence samples for reward-guided alignment,
and (iii) a verse-level Qur’an retrieval corpus
of ~6k atomic verses (ayat). Building on
these resources, we develop an agentic Quran-
grounding framework (agentic RAG) that uses
structured tool calls for iterative evidence seek-
ing and answer revision. Experiments across
Arabic-centric and multilingual LLMs show
that retrieval improves correctness and that
agentic RAG yields the largest gains beyond
standard RAG, achieving state-of-the-art per-
formance and stronger Arabic—English robust-
ness even with a small model (i.e., Qwen3 4B).
We made the datasets are publicly available. 2

1 Introduction

Large language models (LLMs) are increasingly
positioned as general-purpose assistants for deci-
sion support, education, and guidance in value-
laden domains. However, a persistent challenge is
that fluent generations can obscure normative and

'MCQ: Multiple choice questions, MRC: Machine Read-
ing Comprehension
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Figure 1: Current-Proposed—Outcome. (a) Current
Islamic QA. (b) We combine ISLAMICFAITHQA, LLM
judging, Quran retrieval, and agentic evidence seeking.
(c) This yields more faithful, citation-backed responses.

factual unreliability: models remain sensitive to
framing, role instructions, and they may produce
confident but unsupported responses (Jiao et al.,
2025).

Islamic question answering is a particularly chal-
lenging testbed for reliability problem. Deployed
Islamic QA systems® indicate strong demand, yet
their proprietary evaluations highlight the need
for shared benchmarks that emphasize grounding,
citation fidelity, and abstention. Unlike general
information-seeking queries, Islamic QA is em-
bedded in jurisprudential reasoning (figh), school-
of-thought conventions, and culturally situated
norms that demand faithful grounding in canonical
sources and careful handling of uncertainty. Recent
multilingual and culture-aware evaluations show
that moral judgments and alignment behaviour vary
meaningfully with language and data provenance,
with persistent representational bias and Western-
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dominance effects that are especially salient for
non-Western normative systems (Naous and Xu,
2025; Guo et al., 2025). Within the Islamic do-
main, emerging resources (e.g., inheritance-law
reasoning and abstention-aware figh evaluations)
indicate both progress and substantial performance
gaps, particularly for Arabic and for school-aware
nuance, reinforcing the need for fine-grained re-
liability checks tailored to Islamic jurisprudence
(Bouchekif et al., 2025b; Elsafoury and Hartmann,
2025; Asseri et al., 2025). Parallel work on Quranic
retrieval-augmented generation (RAG) further sug-
gests that grounding can improve faithfulness, but
that outcomes are mixed and depend on model ca-
pacity and retrieval quality (Khalila et al., 2025).

A central obstacle in knowledge-intensive Is-
lamic QA is hallucination. Multilingual studies
suggest that Arabic settings can amplify factuality
and faithfulness errors, and that coarse answer-level
metrics often miss subtle inconsistencies important
for normative argumentation (ul Islam et al., 2025;
Alansari and Lugman, 2025; Hosseini et al., 2025;
Elchafei and Abu-Elkheir, 2025; Wang et al., 2025).
Moreover, test-time scaling results show that longer
reasoning traces do not reliably improve ground-
ing and may even increase overconfident errors
(Gema et al., 2025; Zhao et al., 2025). This moti-
vates retrieval-based grounding, especially agentic
setups that interleave search, tool use, and verifi-
cation, but practical reliability depends on robust
tool orchestration and domain ontologies (Liang
et al., 2025). Accordingly, we target three under-
specified and under-measured needs in Islamic
QA: (i) Arabic—English robustness, (ii) calibrated
abstention under insufficient evidence, and (iii)
evidence-grounded generation aligned with canon-
ical sources (Bhatia et al., 2025). Figure 1 sum-
marizes our motivation and method in a current—
proposed—outcome view, contrasting today’s Is-
lamic QA pipeline with our Islamic grounding-
based approach and its resulting citation-backed
bilingual answers. Our contributions are as fol-
lows:

* Bilingual Islamic QA benchmark: ISLAMIC-
FAITHQA comprises 3,810 Arabic—English ques-
tions with atomic, single-gold answers* and a
strict correct, incorrect or not attempted

“Many Islamic questions allow multiple valid answers
across interpretive traditions (madhahib). To enable reliable
generative evaluation, we focus on atomic items with a sin-
gle text-grounded answer; handling disputed cases via multi-
reference/equivalence-class grading is left to future work.

labeling scheme, enabling direct measurement of
hallucination and abstention.

¢ An end-to-end data suite for grounded Islamic
modeling: We release a unified set of resources
spanning 25K Arabic text-grounded SFT rea-
soning pairs, SK bilingual preference samples
for reward-guided alignment, and a verse-level
Quran retrieval corpus of 6,236 atomic ayat.

» Evidence-seeking inference via agentic Quran
grounding: We develop and evaluate an agen-
tic RAG setup that turns retrieval into an explicit
decision process through structured tool calls (se-
mantic search, verse reading, metadata lookup).
Across all backbones, ISLAMICFAITHQA ex-

poses a substantial reliability gap between general

instruction-following fluency and text-grounded

Islamic correctness. Most off-the-shelf multilin-

gual LLMs remain below 30% accuracy under

strict LLM-as-Judge grading (Table 3). Retrieval
augmentation is the most consistently effective in-
tervention, improving performance across mod-
els by anchoring generations to canonical evi-
dence (Table 4). Most notably, agentic RAG
yields the largest gains beyond standard RAG, en-
abling strong bilingual robustness by forcing it-
erative evidence seeking and verse inspection be-
fore answering. For Qwen3-4B-2507, accuracy
improves from 21.85 (base) to 38.85 (+RAG) and
to 48.90 (+Agentic RAG), while also narrowing
the Arabic—English gap (Table 4). Finally, com-
bining a strong in-domain backbone with agentic
grounding achieves the best overall performance,
with Fanar-2-27B + Agentic RAG reaching 57.30
average accuracy (Table 4).

2 Related Work

2.1 Benchmarking in Islamic Domain

General-purpose evaluations of moral and trust-
worthiness show that LLM behavior is highly
sensitive to framing and may appear competent
while remaining unreliable, motivating the need
for domain-grounded assessment beyond generic
scenarios (Al-Khalifa et al., 2025; Abhishek et al.,
2025; Hassan Bhatti et al., 2025; Abdelali et al.,
2024). Follow-on work in specialized, high-stakes
settings (e.g., legal/medical ethics) emphasizes
stricter correctness notions, risk-aware protocols,
and evaluation designs that better reflect real de-
ployment constraints (Shao et al., 2025; Hong et al.,
2025; Jin et al., 2025; Hui et al., 2025). In culturally
situated contexts, multilingual studies further show
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that moral judgments and alignment behavior vary
substantially with language and data provenance,
with recurring Western-dominance effects and rep-
resentational bias (Naous and Xu, 2025; Guo et al.,
2025; Agarwal et al., 2024). Within Islamic QA
specifically, recent benchmarks and datasets begin
to target figh-style reasoning, abstention, and cul-
turally faithful evaluation, however, consistently
report gaps in Arabic performance and jurispru-
dential nuance (Atif et al., 2025; Bouchekif et al.,
2025a; Lahmar et al., 2025; Mubarak et al., 2025;
Elsafoury and Hartmann, 2025; Aljaji et al., 2025;
Alwajih et al., 2025; Tajrin et al., 2025). These lim-
itations motivate our focus on open-ended genera-
tive Islamic QA with atromic single-gold answers
and strict LLM-as-a-judge grading to directly mea-
sure hallucination and abstention, rather than rely-
ing on MCQ/MRC-style evaluations (Haas et al.,
2025).

2.2 Knowledge-Intensive Domains

Hallucination remains a central failure mode in
knowledge-intensive QA. Recent multilingual and
Arabic-focused studies report elevated factuality
and faithfulness errors, and call for evaluation be-
yond answer-only metrics, including span-level at-
tribution and joint assessment of reasoning traces
and final outputs (ul Islam et al., 2025; Alansari and
Lugman, 2025; Elchafei and Abu-Elkheir, 2025;
Wang et al., 2025). At the same time, evidence
from test-time scaling shows that longer reason-
ing traces do not reliably improve grounding and
can increase overconfident errors, reinforcing that
“thinking more” is not a substitute for evidence
(Gema et al., 2025; Zhao et al., 2025). Retrieval
augmentation is therefore a key mechanism for im-
proving groundedness. Prior work on reasoning
and agentic RAG highlights that iterative search,
tool use, and verification can improve faithfulness
when supported by reliable retrieval and orches-
tration (Li et al., 2025). In Qur’anic/Islamic set-
tings, empirical studies shows that RAG can im-
prove faithfulness, although performance depends
strongly on retrieval quality, model capacity, and
domain coverage (Khalila et al., 2025; Salameh
et al., 2024). Broader trustworthiness suites empha-
size that factuality should be assessed alongside
safety and misinformation risk in value-laden de-
ployments (Huang et al., 2023; Abhishek et al.,
2025; Hui et al., 2025), while Arabic-centric re-
sources further highlight how language coverage
and representation affect retrieval and downstream

reliability (Bhatia et al., 2025). These findings
motivate our comparison of standard RAG versus
agentic RAG under a strict generative, abstention-
aware protocol designed to reduce hallucinations in
Islamic QA (Haas et al., 2025; Abbas et al., 2026).

3 Datasets

To facilitate the development of robust Islamic
LLMs and enable precise hallucination evalua-
tion, we construct a comprehensive suite of re-
sources comprising instruction tuning data, prefer-
ence alignment data, a retrieval corpus, and a novel
evaluation benchmark, ISLAMICFAITHQA. The
specific statistics for each set of our data suite are
summarized in Table 1.

Dataset Role Size Language
SFT Reasoning Training 25,000  Arabic
RL Preference Training 5,000 Ar+En
Quran RAG Retrieval 6,236  Arabic
ISLAMICFAITHQA  Evaluation 3,810 Ar+En

Table 1: Summary of the constructed data resources.
Sizes represent the number of instruction pairs, reward
samples, or atomic retrieval units (verses).

3.1 Training and Alignment Resources

We develop two training datasets and a Quranic
RAG Index to enhance model capability in the
Islamic domain, specifically targeting theological
reasoning and safety alignment.

SFT Reasoning Dataset. For Supervised Fine-
Tuning (SFT), we curate a dataset of 25,000 bilin-
gual samples (Arabic and English) instruction-
response pairs centered on theological reasoning.
Unlike standard QA pairs, this dataset is text-
grounded; questions are derived directly from
Quranic verses and Hadith, with answers requiring
grounded reasoning steps rather than simple extrac-
tion. As shown in Figure 2 we use LLM generated
datasets. This structure facilitates the model’s abil-
ity to articulate the logical basis behind Islamic
rulings. An example of the SFT Reasoning dataset
is given in Appendix D.1.

RL Preference Dataset. To support preference
optimization techniques such as GRPO (Shao et al.,
2024), we construct a Reinforcement Learning
(RL) dataset of 5,000 bilingual samples (Arabic
and English). Each instance includes a question de-
rived from canonical texts, a gold-standard answer,
and specific evaluation parameters designed to train
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reward models. This dataset is crucial for aligning
model outputs with factual correctness and mini-
mizing hallucination in sensitive religious contexts.
An example is provided in Appendix D.2.

Quran RAG Dataset. Additionally, for RAG
experiments, we process the standard corpus of
the Holy Quran into 6,236 retrieval units corre-
sponding to individual Ayar (verses), serving as the
ground-truth knowledge base for both generation
and evaluation tasks. Concretely, we segment the
full Qur’an into 6,236 units (one ayah per record)
and attach standardised metadata required for tool
use and evaluation, including surah and ayah in-
dices, canonical verse identifiers, and normalised
Arabic text (to reduce orthographic variance and
improve dense retrieval). This structure enables (i)
consistent verse-level citation in model outputs, (ii)
deterministic mapping from retrieved evidence to a
unique canonical reference, and (iii) faithful evalu-
ation of grounding by checking whether predicted
claims are supported by retrieved ayat.

3.2 The ISLAMICFAITHQA Benchmark

Existing evaluations for Islamic NLP often rely on
discriminative formats like MCQ (Alwajih et al.,
2025; Bouchekif et al., 2025a) or MRC (Bashir
et al., 2021). As detailed in Table 2, these for-
mats allow models to guess correctly without gen-
uine grounding and fail to measure abstention ca-
pabilities. To address this, we introduce ISLAMIC-
FAITHQA, a bilingual generative benchmark with
3,810 Arabic questions and English questions, de-
signed to measure hallucination rates via an LLM-
as-a-Judge protocol.

Resource Type Size EN+AR  Text- Format GenQA
grounded
ISLAMICFAITHQA (Ours) Benchmark 3,810 v v GenQA v
QRCD (Bashir et al., 2021) Dataset 1,337 X v MRC X
AyaTEC (Malhas and Elsayed, 2020) Dataset 207 X v VerseQA X
Hajj-FQA (Aleid and Azmi, 2025) Dataset 2.826 X X FatwaQA X
IslamTrust (Lahmar et al., 2025) Benchmark 406 v X MCQ X
Qur’an QA 2022 (Malhas et al., 2022) ~ Shared task 1,337 X 4 MRC X
IslamicEval 2025 (Mubarak et al., 2025) Shared task 1,506 X v PR X
QIAS 2025 (Bouchekif et al., 2025a) ~ Shared task 22,000 X v MCQ X
PalmX 2025 (Alwajih et al., 2025) Shared task 1,900 X X MCQ X

Table 2: Comparison of ISLAMICFAITHQA with promi-
nent Islamic NLP resources. Size reports the primary
evaluation unit (e.g., QA pairs / MCQs; for IslamicEval
it is annotated answers). Text-grounded denotes ques-
tions grounded in canonical texts. Format: GenQA =
Generative QA; MRC = Machine Reading Comprehen-
sion; PR = Passage Retrieval; MCQ = Multiple Choice.

Extraction and Reasoning Training
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Figure 2: The construction pipeline for ISLAMIC-
FAITHQA.

3.2.1 ISLAMICFAITHQA Curation Pipeline

As illustrated in Figure 2, we employ a rigor-
ous semi-automated pipeline. We aggregate high-
quality samples from sources such as Hajj-FQA
(Aleid and Azmi, 2025), QIAS (Bouchekif et al.,
2025a), and PalmX (Alwajih et al., 2025).

Extraction and Filtering. In addition to QAs
some datasets also include difficulty label as a meta-
data. In this step, we select QAs from datasets that
include difficulty annotations, we retain only the
hardest examples.

QA Generation. The selected questions are then
reformulated by GPT-4.1 into short, fact-based gen-
erative questions with atomic gold answers.

Question Profiling. To enrich the benchmark,
we add a layer of question-level metadata through
an additional profiling step. We use a separate
LLM, GPT-4.1, as an expert annotator to assign
(i) a difficulty level on a five-point scale ranging
from “very easy” (score 1) to “very hard” (score
5); (ii) a binary label indicating whether the ques-
tion requires reasoning; (iii) a binary label indicat-
ing whether answering the question requires multi-
step reasoning; and (iv) a single fine-grained ques-
tion category from a fixed taxonomy: inheritance
law, jurisprudence, prophetic biography, Islamic
creed, Qur’anic studies, hadith studies, Islamic fi-
nance and economics, Islamic ethics and morality,
Islamic history, Islamic family law, contemporary
issues, and comparative religion.

The prompts for QA generation and question
profiling are provided in Appendix A.1 and Ap-
pendix A.2, respectively.

Question  Profiling  Analysis. [SLAMIC-
FAITHQA is designed to cover a broad spectrum
of Islamic knowledge, with notable emphasis on
challenging domains. In Figure 3, we present the
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Figure 3: Statistical analysis of ISLAMICFAITHQA. (a)
Distribution of difficulty scores across the five levels.
(b) Distribution of question categories, showing broad
topical coverage.

distributions of difficulty level and fine-grained
question category. As shown in Figure 3a, in
terms of difficulty level, the distribution peaks at
level 3 (31.2%), with substantial representation at
level 4 (21.8%) and level 1 (22.8%). This spread
allows the benchmark to distinguish between
lower and higher levels of question-answering
ability. Figure 3b further shows that inheritance
law (26.4%) and jurisprudence (17.4%) are the
largest categories, followed by prophetic biography
(11.4%), Islamic creed (9.8%), and Quranic
studies (9.4%). For reasoning requirements,
the majority of samples (70.7%) require active
reasoning to arrive at the correct answer, while
only 29.3% can be answered through direct factual
recall. In addition, 55.4% of the questions require
multi-step reasoning, increasing the challenge of
the benchmark by testing whether systems can
sustain coherent reasoning across multiple steps.

3.2.2 Annotation Quality

To ensure dataset quality, we manually annotated a
subset of the data. We prepared detailed annotation
guidelines for the full question profiling task, as de-
scribed in Appendix E. Although these guidelines
cover all profiling dimensions, we limited manual
annotation to difficulty level and fine-grained topic
category in order to reduce annotation effort. Anno-
tators were recruited through a third-party company
and were compensated at the standard hourly rate
for their location. All annotators were profession-
als, fluent in both Arabic and English, and held at
least a bachelor’s degree. Each annotator signed
a non-disclosure agreement specifying the permit-
ted uses of the data. Every item was annotated
independently by three annotators. We observe an
agreement rate of 82.96% and a Cohen’s « of 0.62.

4 Experiments

We develop Islamic-domain LLMs that prioritise
Qur’an-grounded answer generation and explic-
itly measure hallucination under open-ended (gen-
erative) answering. Our approach combines do-
main adaptation through supervised fine-tuning,
preference-based alignment with an LLM-as-a-
judge reward signal, and retrieval augmentation
over an indexed Qur’an corpus. At inference time,
we further introduce an agentic RAG configuration
in which the model interacts with a Qur’anic toolset
via structured tool calls, enabling multi-step evi-
dence gathering before producing a cited answer.

4.1 Experimental Setup

Figure 4 summarizes the overall development and
evaluation workflow. Starting from an Islamic cor-
pus, we apply extraction and filtering to construct
training data and derive reasoning-oriented super-
vision. We consider three experimental settings,
namely (i) benchmarking base LLMs, (ii) super-
vised fine-tuning with reasoning-oriented supervi-
sion, and (7ii) reward-guided alignment. During
inference, we deploy an Agentic RAG environment
in which the tuned model performs multi-turn rea-
soning and accesses a Qur’an and Hadith database
through dedicated tools and retrieval steps. We fi-
nally benchmark all models on ISLAMICFAITHQA
using an LLM-as-a-judge setup. Further details on
the experimental parameters are provided in Ap-
pendix B.

26473

5



LLM training

Reward-guided
alignment

BB

i User mE5 Quran  Top-N LLMs Answer:
i query Embedding DB  retrieved with
: context citation

Agentic RAG

;@ %f

User
: ““ Plan & reason ~ Answer:
queryI Tools d=5 . with

) citation !
. Semantic Metadata H
search

@ mES
Embedding
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flow.

4.2 Models

We evaluate a diverse set of Arabic-centric and mul-
tilingual instruction-tuned LLMs under a unified
prompting and grading setup (Table 3). Our Arabic-
centric baselines include Fanar-1-9B and Fanar-2-
27B (Team et al., 2025), ALLaM-7B (Bari et al.,
2025), AceGPT-v2-8B (Liang et al., 2024), and
SILMA-9B-v1.0 (silma-ai, 2024). We additionally
benchmark multilingual models spanning multiple
families, including Qwen2.5-3B and Qwen3 vari-
ants (Qwen3-4B-2507, Qwen3-8B, Qwen3-14B)
(Yang et al., 2025), Llama-2-7B and Llama-3.1-
8B (Touvron et al., 2023; Grattafiori et al., 2024),
Mistral-7B-v0.2 (Jiang et al., 2023), SeaLLM-7B-
v3 (Zhang et al., 2025), EuroLLM-9B (Martins
et al., 2025), and gpt-oss-20b (OpenAl et al., 2025).

4.3 Base LLMs

We evaluate all base models under a zero-shot in-
ference setup. To ensure fair comparison and re-
producibility, we use a consistent prompt, response
format, maximum output token limits, and decod-
ing hyperparameters across all evaluations.

44 SFT

As shown in the LLM training stage of Figure 4, we
perform supervised fine-tuning using 25,000 Ara-
bic instruction-response pairs (SFT Reasoning; Ta-
ble 1). Training uses a standard next-token predic-
tion objective over the target responses to improve
understanding of Islamic knowledge concepts, co-
herence in multi-step reasoning, and adherence to

source-grounded answer generation. In this setup,
we fine-tune Fanar-1-9B, ALLaM-7B, and Qwen3-
4B-2507.

4.5 Reward-guided Alignment

To further reduce hallucinations and improve an-
swer appropriateness in religious settings, we per-
form reward-guided alignment using a bilingual
(Arabic and English) RL Preference dataset of
5,000 samples (Table 1). Each instance contains a
question derived from canonical material, a gold-
standard answer, and evaluation parameters en-
abling scalar reward assignment. We employ an
LLM-as-a-judge within the training loop to pro-
duce a score reflecting factual accuracy, clarity,
completeness, and appropriateness of candidate
answers. This score is then used as the reward
signal for policy optimisation using GSPO loss
(Zheng et al., 2025), encouraging the model to fa-
vor grounded, high-quality generations and discour-
aging unsupported claims. The prompt for scoring
is provided in Appendix A.4. In our reward-guided
alignment experiments, we train the generation
models Fanar-1-9B, ALLaM-7B, and Qwen3-4B-
2507 using GSPO-based RL, while Qwen3-235B-
A22B is used to generate the reward score.

Example: Islamic Jurisprudence

Question (EN): When does the time for Fajr prayer begin?
Gold answer (EN): The time for Fajr prayer begins at true
dawn.

Model: Qwen3-4B + RAG

Predicted answer (EN): Fajr begins at dawn, i.e., sunrise
time when daylight starts to appear.

Judge: Incorrect

Model: Qwen3-4B + Agentic RAG

Predicted answer (EN): Fajr begins at true dawn (al-fajr
al-sadiq), i.e., when the dawn becomes clearly distinct
from the night

Reference - Qur’an: 2:187.

Judge: Correct

Figure 5: Example from ISLAMICFAITHQA in Islamic
Jurisprudence, which shows a question, the atomic gold
answer, and models’ (RAG, Agentic RAG) predictions.

4.6 RAG and Agentic RAG

Figure 4 contrasts single-shot retrieval augmenta-
tion in standard RAG with tool-mediated evidence
seeking in Agentic RAG.

Standard RAG. In the standard RAG setting, a
user query is first used to retrieve relevant Quranic
verse units from an indexed corpus, and the model
then conditions on this retrieved context to gen-
erate an answer with citations. For all retrieval-
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augmented experiments, we use mES-base (Wang
et al., 2024) as the dense retrieval encoder for in-
dexing and querying the Quran RAG dataset (A
retrieval comparison also supports our retrieval de-
sign: on IslamicEval 2025 Shared Task 2 (Mubarak
et al., 2025), mE5-base outperforms BM25 on
Quranic retrieval (MAP_Q@5: 0.138 vs. 0.094);
see Appendix F for details.). Each ayah in our
6,236-unit corpus is embedded offline with mES5-
base, while user questions in Arabic or English
are embedded at inference time using the same
encoder. We then retrieve the top-5 most similar
verses through vector similarity search and provide
them directly to the generator. This setup improves
factual grounding, but retrieval remains a fixed pre-
processing step performed only once before answer
generation.

Agentic RAG. Agentic RAG extends this setup
by turning retrieval into an explicit part of the rea-
soning process. Instead of relying on a single re-
trieval step, the model is prompted to plan, invoke
tools, inspect retrieved verses, and iterate when
needed before producing the final response, as il-
lustrated in Figure 4. This interaction is imple-
mented through a constrained tool-calling schema
and a Quranic toolset that supports semantic search,
surah metadata retrieval, direct verse reading, and
within-surah search. The full agent prompt and
tool-calling format are provided in Appendix A.3.

In Figure 5, we present an example from ISLAM-
ICFAITHQA to illustrate the difference between
the Standard RAG and Agentic RAG settings. It
includes the question, the atomic gold answer, and
the corresponding model predictions. The LLM-
based judge assigns one of three labels, namely
Correct, Incorrect, or Not_Attempted, based
on semantic alignment with the gold answer.

In our experiments, we apply both the RAG and
Agentic RAG setups to Fanar-1-9B, ALLaM-7B,
and Qwen3-4B-2507 after training. We also evalu-
ate Fanar-2-27B under the same inference settings
without additional fine-tuning.

4.7 Evaluation on ISLAMICFAITHQA

We evaluate all model variants on ISLAMIC-
FAITHQA. Throughout the paper, we report %Cor-
rect as the primary metric, as shown in Tables 3—4.
We also analyze performance across the three cri-
teria, which are labelled as correct, incorrect,

SWe do not fine-tune Fanar-2-27B because it already shows
strong baseline performance in Table 3.

and not attempted, to better understand model er-
rors and abstention behaviour. The full label-wise
results are reported in Table 9.

As our evaluation relies on an LLM-as-a-judge
setup, hence, assessing the judge against human
annotation is essential for establishing the reliabil-
ity of the evaluation. We evaluate the judge on
a held-out bilingual subset of 200 instances, bal-
anced across Arabic and English as well as diffi-
culty levels, and report agreement statistics. The
human-LLM agreement reaches 79%, while inter-
annotator agreement, measured with Cohen’s k, is
0.51. This analysis is noteworthy in multilingual
settings. Recent evidence shows that multilingual
LLM judges can be inconsistent across languages,
with only moderate inter-judge agreement on aver-
age and substantial variance by language and task
(Fu and Liu, 2025).

5 Results

5.1 Baseline Results

Table 3 reports accuracy (%Correct) on ISLAMIC-
FAITHQA across a diverse set of Arabic-centric
and multilingual instruction-tuned LLMs in their
base, non-retrieval configurations. We observe sub-
stantial variation in performance, suggesting that
general-purpose instruction tuning alone is not suf-
ficient for this knowledge-intensive religious do-
main under strict answer matching. Fanar-2-27B
achieves the strongest overall performance, with an
average score of 48.05, including 48.20 in Arabic
and 47.90 in English. It is followed by ALLaM-
7B with 37.75 and Fanar-1-9B with 35.40. These
results indicate a clear performance gap between
the top-ranked model and the rest, and they further
suggest that strong general instruction-following
ability does not directly translate into robust per-
formance on fine-grained, domain-specific Islamic
question answering.

A second pattern is that many general multilin-
gual baselines remain below 30% average accu-
racy, despite their strong performance on broad
instruction-following tasks. Examples include
EuroLLM-9B at 25.70, Llama-3.1-8B at 19.40, and
Mistral-7B-v0.2 at 18.95. This suggests that IS-
LAMICFAITHQA does not primarily reward con-
versational fluency or generic instruction-following
ability. Instead, success on the benchmark re-
quires precise and text-grounded religious knowl-
edge, while the strict correct, incorrect, and
not attempted evaluation setting penalizes an-
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Model Arabic English Average
Fanar-2-27B 48.20 47.90 48.05
ALLaM-7B 4270 32.80 37.75
Fanar-1-9B 3450  36.30 35.40
AceGPT-v2-8B 23.10  28.80 25.95
EuroLLM-9B 2230 29.10 25.70
SILMA-9B-v1.0 2040  28.50 24.45
Qwen3-4B-2507 15.80  27.90 21.85
gpt-0ss-20b 1590  27.20 21.55
Llama-3.1-8B 13.00  25.80 19.40
Mistral-7B-v0.2  13.50  24.40 18.95
SeaLLM-7B-v3 11.60  23.80 17.70
Qwen2.5-3B 11.00  20.00 15.50
Qwen3-14B 16.00  14.00 15.00
Llama-2-7b 440 18.80 11.60
Qwen3-8B 8.80 8.50 8.65

Table 3: Results on ISLAMICFAITHQA (%Correct).
Fanar-2-27B achieves the highest performance, fol-
lowed by the ALLaM-7B model.

swers that are fluent but unsupported.

5.2 SFT, RL, and RAG Models

Table 4 reports results for different model combina-
tions. Across backbones, three components consis-
tently improve performance: (i) domain-grounded
reasoning supervision via SFT, (ii) reward-guided
alignment via RL, and (7ii) retrieval augmenta-
tion (RAG), and (iv) Agentic RAG with tool use.
Among them, retrieval typically yields the largest
gains.

Model Variation  Arabic English Avg.
ALLaM-7B 42.70 32.80 37.75
+ SFT 45.20 31.40 38.30
+RL 43.90 3520 39.55
+ RAG 46.42 35.10 40.76
Fanar-1-9B 34.50 36.30 35.40
+ SFT 40.80 32.10 36.45
+RL 42.90 3345 38.18
+RAG 47.90 3450 41.20
Qwen3-4B-2507 15.80 2790 21.85
+ SFT 25.90 35.20 30.55
+RL 27.35 34.30 30.83
+ RAG 35.20 42,50 38.85
+ Agentic RAG  49.60 48.20 48.90
Fanar-2-27B 50.40 46.90 48.65
+RAG 52.50 50.50 51.50
+ Agentic RAG  54.40 60.20 57.30

Table 4: Performance across different experimental set-
tings. SFT denotes supervised fine-tuning, RL denotes
reward-guided alignment with reinforcement learning,
RAG denotes retrieval augmentation, and Agentic RAG
denotes tool-based retrieval and reasoning.

First, adding SFT on text-grounded reasoning

improves performance for all tested backbones,
though the magnitude varies. The effect is most
pronounced for Qwen3-4B-2507, where SFT in-
creases average accuracy from 21.85 to 30.55. By
contrast, gains are smaller for stronger in-domain
baselines such as ALLaM-7B (37.75 — 38.30) and
Fanar-1-9B (35.40 — 36.45), suggesting dimin-
ishing returns when the base model already has
stronger domain priors.

Second, reward-guided alignment further im-
proves average accuracy beyond SFT for multi-
ple backbones (e.g., ALLaM-7B: 38.30 — 39.55;
Fanar-1-9B: 36.45 — 38.18), indicating that opti-
mizing with an LLM-judge reward encourages out-
puts that better match the benchmark’s constraints
(short, atomic answers with fewer risky additions).

Third, RAG provides consistent gains across
all backbones shown. For example, Qwen3-4B-
2507 improves from 30.83 (+RL) to 38.85 (+RAG),
Fanar-1-9B improves from 38.18 (+RL) to 41.20
(+RAG), and ALLaM-7B improves from 39.55
(+RL) to 40.76 (+RAG). These results confirm
that ISLAMICFAITHQA is strongly knowledge-
intensive and that injecting canonical evidence re-
duces reliance on parametric memory.

Agentic RAG yields the Largest Gains. The
most salient result is the additional improvement
obtained by agentic RAG beyond standard single-
shot RAG. In Table 4, Qwen3-4B-2507 rises from
38.85 (+RAG) to 48.90 (+Agentic RAG), a gain
of +10.05 points and the largest jump among the
reported interventions for that backbone. This sug-
gests that, for many questions, retrieval is not a one-
step operation. Models benefit from iterative evi-
dence collection (e.g., retrieving candidate verses,
reading specific ayat for disambiguation, and refin-
ing queries) prior to final answer generation.

Transition (Standard RAG — Agentic RAG) Count
Incorrect — Correct 12
Not_Attempted — Correct 24
Total recovered cases 36

Table 5: Error analysis: Standard RAG failed but Agen-
tic RAG succeeded.

Measure Standard RAG  Agentic RAG
Avg. tokens 502 1,520
Avg. tool calls 0 6
Avg. latency (s) 0.52 3.45
Estimated latency increase Ix 6.63 %

Table 6: Inference-time efficiency comparison between
Standard RAG and Agentic RAG for Qwen3-4B.
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Agentic RAG Analysis. Agentic RAG improves
correctness through two complementary effects. As
shown in Table 5, the gains are not explained only
by reduced abstention. Among 36 recovered cases,
24 correspond to not attempted — correct tran-
sitions and 12 to incorrect — correct. This sug-
gests that iterative evidence seeking helps in two
ways. It enables the model to answer questions that
standard RAG leaves unresolved, and it also cor-
rects a meaningful subset of previously incorrect
or hallucinated responses. In other words, the ben-
efit of Agentic RAG is not merely that the model
answers more often; however, it answers more re-
liably after inspecting and refining the retrieved
evidence. These improvements come with addi-
tional inference-time cost. These improvements
come with additional inference-time cost.

Table 6 shows that, for Qwen3-4B, Agentic RAG
raises average token usage from 502 to 1,520 and la-
tency from 0.52s to 3.45s, a 6.63 x increase, while
also requiring an average of 6 tool calls per query.
These results make the trade-off clear. Agentic
RAG improves faithfulness by supporting evidence
inspection, query refinement, and answer revision.
However, it moves part of the computational cost
away from model size and into inference-time
orchestration. Consequently, smaller backbones
paired with Agentic RAG can still be attractive in
memory-constrained deployment settings, though
this comes with higher latency and token usage.

5.3 Bilingual Gaps

Both Table 3 and Table 4 show that many models
exhibit asymmetric performance across Arabic and
English, reflecting differences in pretraining cover-
age, instruction tuning, and retrieval effectiveness
under bilingual queries. For instance, ALLaM-
7B performs substantially better in Arabic than
English (42.70 vs. 32.80), whereas several mul-
tilingual baselines show the opposite trend (e.g.,
EuroLLM-9B: 22.30 Arabic vs. 29.10 English).
Notably, Qwen3-4B-2507 is highly imbalanced in
its base form (15.80 Arabic vs. 27.90 English). It
suggests that bilingual Islamic QA is not simply
an Arabic task with English translation; it requires
robust grounding and semantic access to canoni-
cal evidence in both languages. In contrast, tool-
mediated grounding can substantially reduce bilin-
gual disparities. Under Agentic RAG (Table 4),
Qwen3-4B-2507 becomes more balanced (49.60
Arabic vs. 48.20 English), suggesting that iterative
evidence seeking and explicit verse inspection help

align performance across languages by anchoring
generation to the same canonical retrieval base.

6 Conclusion

In this paper, we introduce ISLAMICFAITHQA,
a benchmark dataset, along with an end-to-end
grounded Islamic modelling suite designed to eval-
uate and reduce hallucinations in open-ended re-
ligious generation directly. Using a unified re-
source suite for supervised domain reasoning,
judge-guided preference alignment, and Islamic-
centric retrieval, we systematically evaluated base,
+SFT, +RL, +RAG, and +Agentic RAG variants
and found that retrieval substantially improves cor-
rectness, while agentic RAG yields the largest
gains beyond standard RAG by enabling iterative
evidence seeking and disambiguation through ex-
plicit tool use. Overall, our results indicate that
tool-mediated grounding can deliver state-of-the-
art performance and improved Arabic/English ro-
bustness even with smaller backbones, suggesting
a practical path toward more trustworthy Islamic
assistants. Future work should extend grounding to
authenticated hadith with provenance, incorporate
school-of-thought disagreement, and harden tool-
augmented systems against adversarial prompting
and citation laundering.

Limitations

ISsLAMICFAITHQA is designed for reliable open-
ended evaluation using atomic questions with
single-gold answers and LLM-as-a-judge assess-
ment, but this choice under-represents settings
where multiple answers may be valid across
madhahib or interpretive traditions. Our results
also depend on the correctness of the LLM judge
and a limited human-calibration subset, which may
not fully capture borderline cases or bilingual in-
consistencies. In addition, our grounding is pri-
marily Quran-centric, so questions best supported
by authenticated hadith, figh sources, or scholarly
consensus may be disadvantaged. Finally, Agentic
RAG introduces additional latency and new failure
modes, including tool-use errors and misleading
citation attribution. Moreover, the benchmark fo-
cuses on short-form question answering rather than
long-form religious guidance. Accordingly, the
reported performance should be interpreted as a
measure of faithfulness and abstention under strict
evaluation, rather than as evidence of readiness for
deployment as a religious authority.
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Ethical Considerations

This work involves human annotation and the
use of LLMs in the dataset construction pipeline.
For the manually validated subset of ISLAMIC-
FAITHQA, annotators were recruited through a
third-party provider, compensated at the standard
hourly rate for their location, and required to sign
a non-disclosure agreement specifying the permit-
ted uses of the data. LLMs were used only to
standardize phrasing and tone and to support struc-
tured metadata annotation. They were not treated
as sources of religious authority, and their outputs
were subject to human verification and consistency
checks. The benchmark was built from publicly
available Islamic NLP resources rather than newly
collected user data, which reduces risks related
to privacy, consent, and sensitive personal infor-
mation. Given the sensitivity of the domain, we
stress that the benchmark and resulting models are
intended for research on faithfulness and absten-
tion, not for issuing fatwas or replacing qualified
scholarly guidance.

Broader Impact

This work provides evaluation and grounding re-
sources for Islamic question answering, where un-
faithful outputs can be especially consequential.
By introducing a bilingual generative benchmark
that measures correctness, hallucination, and ab-
stention, and by showing that retrieval, particu-
larly agentic, tool-mediated retrieval, can reduce
unsupported generation, we aim to support more
trustworthy Arabic-English systems and more real-
istic assessment of faithfulness. At the same time,
these tools may be misused or over-trusted as re-
ligious authority, may reflect selection biases in
what is treated as canonical, and may enable per-
suasive “citation laundering” or adversarial manip-
ulation of tool use. We therefore emphasize re-
sponsible release with clear non-fatwa disclaimers,
transparency about scope and coverage, encourage-
ment of abstention under uncertainty, and reporting
that separates correctness from hallucination and
non-attempted behavior.
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A Prompts
A.1 Question Generation

You are a senior academic and expert in Islamic
jurisprudence, ethics, and contemporary
global issues. You have been tasked with
authoring new entries for A Benchmark, an
English dataset designed to evaluate an
Al's ability to provide factually accurate
answers grounded in Islamic knowledge.

Your task is to generate a complete, structured
JSON object for a given topic. You must
adhere strictly to the format below. Your
reasoning should be based on foundational
Islamic sources (Qur'an, Sunnah, classical
texts and contemporary Figh council
resolutions).

Follow these instructions precisely:

Question Formulation: For the given MCQ
question and answer provided in Arabic,
create a concise, short-form factual
question in English. The question should:

Be direct and specific, requiring a factual
answer

Focus on the core Islamic knowledge or ruling
being tested

Avoid hypothetical scenarios or complex
ethical dilemmas

Be answerable in 1-3 sentences

Maintain the difficulty level indicated
(beginner/intermediate/advanced)

Extract the key factual information from the
MCQ and its correct answer

Gold Answer: Provide the factual answer to the
question. This should:

- Be concise and direct (1-3 sentences maximum)

- State the Islamic ruling, principle, or fact
clearly

- Be based on the correct answer from the MCQ
provided

- Reference the specific Islamic source (Qur'an
verse, Hadith reference, scholarly
consensus) that supports this answer

- Avoid lengthy explanations - just state the
fact and its primary source

IMPORTANT: Both the question and gold_answer
should be in Arabic.

Follow this output format:

{

"id": "MIZAN-001",

"category”: "Islamic Jurisprudence”,

"question”: "What is the ruling on performing
ablution (wudu) after eating camel meat?”,

"gold_answer"”: "Ablution is required after
eating camel meat according to the Hadith
narrated by Jabi