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Abstract

This paper presents our system for SubTask
1: Islamic Inheritance Reasoning in the QIAS
2025 Shared Task, which evaluates large lan-
guage models (LLMs) on (ilm al-mawarith)
(Islamic science of inheritance) using a bench-
mark of Arabic multiple-choice questions
(MCQs) derived from expert-reviewed fat-
was. We explore static and dynamic few-
shot prompting, retrieval-augmented genera-
tion (RAG) with a large fatwa corpus, and a
progressive n-gram overlap retrieval method.
The n-gram method is applied both to select
the top five most similar MCQs for dynamic
prompting and to retrieve the most relevant
fatwa answer as additional context during in-
ference. We evaluate proprietary and open-
source LLMs individually and in ensemble
form. Results show that dynamic prompt-
ing and RAG consistently improve accuracy
across our best performing model, Gemini,
achieving 62.26% accuracy on the test set.

1 Introduction

Large Language Models (LLMs) have achieved
impressive advances in reasoning and problem
solving(Plaat et al., 2024; Zhao et al., 2023), yet
their performance often varies across languages
and domains (Matarazzo and Torlone, 2025).
While most prior work has focused on English, a
growing body of research has examined Arabic, re-
vealing mixed results in comprehension and com-
plex reasoning (Khondaker et al., 2024).

One underexplored domain is (ilm al-mawarith)
(Islamic science of inheritance), which requires
mapping textual descriptions of heirs to precise
share distributions — a task demanding multi-step
reasoning and domain-specific accuracy. To en-
able systematic evaluation in this underexplored
domain, the QIAS 2025 Shared Task offers a large-
scale benchmark of Arabic multiple-choice ques-
tions (MCQs) on (ilm al-mawarith) (Bouchekif
et al., 2025a,b).

In this paper, we describe our system for the
shared task, which integrates static and dynamic
few-shot prompting, retrieval-augmented genera-
tion (RAG) using a large fatwa corpus, and a pro-
gressive n-gram overlap retrieval method. The n-
gram method is employed in two ways: (1) to re-
trieve the top five most similar MCQs from the
training set for dynamic prompting, and (2) to iden-
tify the most relevant fatwa question and extract its
answer as contextual input for inference.

We evaluate both proprietary and open-source
models, individually and in an ensemble config-
uration. Results show that dynamic prompting
and RAG provide consistent improvements, with
our best-performing model, Gemini, achieving
62.26% accuracy on the test set.

2 Related Work

LLMs have demonstrated strong performance on
text-based multiple-choice questions (MCQs), par-
ticularly in factual recall and reading comprehen-
sion tasks(Matarazzo and Torlone, 2025). Pro-
prietary models such as GPT-4 and Gemini con-
sistently achieve high accuracy on knowledge-
based and standardized exam questions, with doc-
umented success on domains such as the Dental
Admission Test (DAT) (Hou et al., 2025). Simi-
larly, large open-source models like LLaMA3-70B
perform competitively in natural sciences and read-
ing comprehension domains (Hou et al., 2025).
However, these models consistently struggle with
higher-order cognitive skills, multi-step reason-
ing, and advanced mathematical problem solving,
with hallucination remaining a persistent issue, es-
pecially in complex reasoning scenarios (Saxena
etal., 2024).

Although most prior work has focused on evalu-
ating models in English, some studies have exam-
ined Arabic. Existing research shows that LLMs
demonstrate mixed performance in comprehend-
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ing Arabic content and solving complex reason-
ing tasks. Proprietary models such as GPT-4 and
GPT-3.5 perform competitively but are often out-
performed by smaller, fine-tuned Arabic models
on domain-specific tasks (Khondaker et al., 2023).
In contrast, open-source models like LLaMA-3-
70B still lag behind both ChatGPT and specialized
Arabic models, partly due to limited Arabic repre-
sentation in large pretraining corpora and high sen-
sitivity to input phrasing (Khondaker et al., 2024).

The closest relevant evaluation is the Qur’an
Question Answering shared task (Malhas et al.,
2022, 2023), which addressed Machine Reading
Comprehension (MRC) over Classical Arabic text.
It highlighted the Qur’an’s linguistic complexity
and topic diversity. Their results emphasize the
gap between general Arabic NLP progress and the
sensitive religious domains..

Despite this growing body of work, there is a
clear research gap: no empirical studies have sys-
tematically evaluated LLMs’ accuracy in answer-
ing questions across diverse areas of Islamic schol-
arship. Current literature focuses on general NLP
benchmarks and professional examinations, leav-
ing domain-specific tasks such as Islamic jurispru-
dence (figh) and inheritance law (ilm al-mawarith)
largely unexplored.

3 Task Description

The shared task focuses on evaluating LLMs in
the Islamic domain, with a particular emphasis on
their ability to reason about inheritance-related sce-
narios (ilm al-mawarith). In this subtask, each
multiple-choice question (MCQ) presents a spe-
cific inheritance case describing a set of heirs, and
the proposed model must determine the correct
distribution outcome by selecting the right option
from a predefined set of answers. The evaluation
is based on classification accuracy over a held-out
test set, ensuring an objective comparison of model
performance.

4 Dataset

Experiments were conducted using the official
dataset provided for the Islamic Inheritance Rea-
soning task. The dataset comprises multiple-
choice questions (MCQs) drawn from authentic Is-
lamic jurisprudential sources and are designed to
test not only factual recall but also the model’s
ability to apply complex, rule-based reasoning
grounded in Islamic law. Also a supplementary

fatwa corpus is provided which we used for the
retrieval-augmented generation (RAG)-based in-
ference.

MCQ Dataset

e Training Set: 20,000 MCQs, distributed
across three difficulty levels: 500 Beginner,
300 Intermediate, and 200 Advanced.

e Validation Set: 1,000 MCQs, distributed
across three difficulty levels: 500 Beginner,
300 Intermediate, and 200 Advanced.

* Test Set: 1,000 MCQs with hidden labels,
balanced between 500 Beginner and 500 Ad-
vanced questions.

Each MCQ includes 4 to 6 answer options (A—
F), with exactly one correct label. The questions
span a wide range of inheritance scenarios requir-
ing precise application of Islamic legal principles
(ilm al-mawarith).

Fatwa Corpus

In addition to the MCQ dataset, we used a cor-
pus of 3,165 fatwas from IslamWeb to support
retrieval-augmented generation (RAG). Stored as
JSON files, each fatwa contains a user-submitted
question and an expert legal response, offering
rich, domain-specific context to enhance model
reasoning.

5 Methodology

As baseline models, we fine-tuned the top-
performing model from the Qur’an Question An-
swering shared task (Malhas et al., 2022, 2023),
AraBERTv2 (Antoun et al., 2020), on the 20,000-
question training set, achieving an accuracy of
47.4% on the validation (development) set. An-
other baseline( code was provided by the shared
task organizers) involved prompting the Fanar
LLM with two few-shot MCQ examples, which
yielded 49.7% accuracy on the same validation (de-
velopment) set. Building on the best-performing
baseline, we consulted the literature and identified
key areas for improvement.

5.1 Few-Shot In-Context Learning

Few-shot prompting has proven effective in elicit-
ing structured reasoning from LLMs (Brown et al.,
2020; Kojima et al., 2022). Static few-shot ex-
amples provide a general template for reasoning,
whereas dynamic example selection can improve
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performance by aligning examples with the test in-
stance (Liu et al., 2022). In this work, we explore
both static and dynamic prompting strategies. In
the static approach, five examples are included in
the prompt for every question. In the dynamic
approach, the five most similar questions are re-
trieved from the training set and included in the
prompt. Similarity is determined using an n-gram
overlap strategy previously introduced in Altam-
mami et al. (2019), originally developed for seg-
menting and annotating Hadith corpora. The al-
gorithm has been adapted for the current task, as
explained in Section 5.3.

5.2 Retrieval-augmented generation

We utilized Retrieval-Augmented Generation
(RAG), a widely recognized and effective ap-
proach for improving NLP tasks (Lewis et al.,
2020; Wu et al., 2024), particularly in knowledge-
intensive and domain-specific scenarios (Xiong
et al., 2024). RAG consistently enhances answer
accuracy, factuality, and adaptability compared to
language models that rely solely on pre-trained
knowledge (Siriwardhana et al., 2023).

Initial experiments using vector-based semantic
similarity methods (e.g., FAISS) yielded subopti-
mal results. These approaches often failed to dis-
tinguish between conceptually distinct heirs (e.g.,
son vs. daughter), treating them as similar due to
surface-level embedding similarities. This limita-
tion is particularly problematic in the domain of
Islamic inheritance law, where precise legal roles
carry significant implications.

To address this, our system identifies the most
similar fatwa question from a large corpus using
the n-gram approach described in Section 5.3. The
corresponding fatwa answer is then extracted and
incorporated as additional context for the language
model during inference.

5.3 Progressive n-gram Overlap

To support both dynamic few-shot prompting and
retrieval-augmented generation (RAG), we devel-
oped a custom progressive n-gram overlap match-
ing function. This method is used in two key
places: (1) to select the most similar five MCQ
questions from the training set for dynamic prompt-
ing, and (2) to identify the most relevant fatwa
question from the Fatwa Corpus in order to extract
its answer as additional context during inference.
Given a new inheritance question, the system
iterates through the relevant dataset (training set

or Fatwa Corpus) and compares the input question
against all available questions using the progres-
sive n-gram overlap function. The matching func-
tion follows a fallback strategy: It first computes
trigram overlap, and if no sufficient match is found,
it falls back to bigram or unigram overlap. We
assign higher weights to longer n-grams to prior-
itize more specific matches: trigrams ws = 1.0,
bigrams wy = 0.5, and unigrams w; = 0.2.

For dynamic prompting, the top five questions
with the highest similarity scores from the training
set are selected and included in the prompt. For
RAG, the single highest-scoring fatwa question is
selected from across all fatwa JSON files, and its
Answer field is extracted and supplied to the lan-
guage model as contextual input, as illustrated in
Algorithm 1.

This approach ensures that retrieved examples
and contextual fatwas are both semantically and
structurally aligned with the input question, avoid-
ing misleading matches that often occur with
purely embedding-based similarity methods.

6 Experimental Design

6.1 Models

Four LLMs were evaluated in this study. Infer-
ence was configured to favor deterministic, short
outputs by setting the temperature to 0.0 and the
maximum output length to 2 tokens (sufficient to
return a single uppercase letter).

* Gemini-1.5-pro: Google’s generative lan-
guage model, accessed via the Google Vertex
Al API.

* GPT-4: OpenAl’s GPT-40 model, accessed
through the OpenAl API.

* LLaMA: Meta’s LLaMA-3.3-70b model, ac-
cessed via the Groq APIL.

* Fanar: A domain-specific Arabic language
model, accessed through a custom APIL.

6.2 Prompt Engineering

Three prompt engineering strategies were de-
signed to evaluate their impact on model perfor-
mance in Islamic inheritance reasoning:

 Trial 1: Static Few-Shot In-Context Learn-
ing
A baseline configuration using five manually
selected MCQ examples from the training
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Model Trial 1 Trial 2 Trial 3
Dev Test Dev Test Dev Test
Gemini 60.50 57.30 60.10 61.40 61.80 62.26
GPT-4 5830 55.55 57.60 4790 54.10 46.30
Fanar 5727 4024 54.06 38.49 5627 38.74
LLaMA 46.40 49.40 46.60 46.10 4565 4740
Ensemble 62.60 55.80 6190 5640 63.40 57.30

Table 1: Performance (%) of different models across three trials on the Islamic inheritance MCQ development and

test datasets. Best results are shown in bold.

Algorithm 1: Progressive N-gram Match-
ing for Fatwa Retrieval
: Question Q;

Set of Fatwa Files F (each
containing Question, Answer fields)
Output : Best matching fatwa answer A*

Input

Initialize:
best score < —oo, A* < None
foreach farwa file f € F do
Load all questions () y and answers A
from f;

foreach candidate question q € Q) do
Normalize () and g by removing

punctuation, extra spaces;
score < 0;
for n € {3,2,1} do
Extract n-grams from @) and g;
Compute overlap +
intersection of n-grams;
Update score <
score + wy, X |overlapl;
Remove matched n-grams from
further consideration;

if score > best_score then
best_score < score;
A* < corresponding answer to

q;

return A*

set. These examples were appended to each
prompt uniformly, without regard to question
similarity.

* Trial 2: Dynamic Few-Shot In-Context
Learning
Few-shot examples were dynamically se-
lected for each input question using n-gram
similarity from the training set. This ensured
structural and semantic relevance between the
input and the few-shot examples.

* Trial 3: Dynamic Few-Shot In-Context

Learning and RAG

In addition to dynamic example selection, the
most similar fatwa question was retrieved us-
ing n-gram overlap, and the corresponding
fatwa answer was appended to the prompt as
context.

Model performance was assessed using accu-
racy of correctly answered 1,000 MCQs testing
questions.

6.3 Results

Table 1 reports development and test accuracies
across three independent trials. Gemini consis-
tently outperforms other single models, achieving
the highest test accuracy in Trial 3 (62.26%). GPT-
4 performs competitively in Trial 1 but its accuracy
declines sharply in later trials. Fanar and LLaMA
lag behind, though LLaMA generally surpasses Fa-
nar on the test set.

The ensemble method, based on majority vot-
ing, yields the best development accuracy in Trial
3 (63.40%) and consistently competitive results
overall. Its improvements are more pronounced on
development data than on test data, reflecting dif-
ferences in dataset composition: The dev set con-
tains beginner, intermediate, and advanced items,
while the test set excludes intermediate items. This
mismatch reduces the ensemble’s generalization
strength.

Gemini’s steady gains suggest that it leverages
additional retrieved context effectively, whereas
GPT-4 appears more prone to “distraction,” with
the same context introducing noise and lowering
accuracy. These contrasting behaviors highlight
model-specific sensitivities to retrieval-augmented
prompting, and further analysis is needed in future
work to better understand how such distractions
arise.

7 Conclusion

This paper presented our system for SubTask
1: Islamic Inheritance Reasoning in the QIAS
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2025 Shared Task, where we evaluated static
few-shot prompting, dynamic few-shot prompting,
and dynamic prompting combined with retrieval-
augmented generation, supported by a progressive
n-gram overlap method. Evaluation on propri-
etary and open-source LLMs revealed that while
some models experienced performance drops—
suggesting that additional context can sometimes
distract the model—others achieved consistent
gains. Our best configuration (Gemini with RAG
and dynamic prompting) reached 62.26% accuracy
on the test set. Further analysis is required to bet-
ter understand how retrieval context may distract
certain models and how to design strategies that
mitigate this effect.
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