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Abstract

We present ADAPT–MTU HAI’s submission to
Subtask 1 of the QIAS 2025 shared task, which
focuses on Arabic multiple-choice question answer-
ing (MCQ) for Islamic inheritance law. This do-
main presents unique challenges, requiring models
to navigate precise fractional computations, exclu-
sion rules, and doctrinal nuances under strict for-
mat constraints. Our system employs a dual-expert
architecture based on ALLaM-7B, integrating a
LoRA-fine-tuned model specialised for inheritance
reasoning with its generalist base counterpart. A
custom constrained decoding mechanism ensures
output compliance, while arbitration between the
two models enhances answer stability. Our system
achieves 60.0% accuracy on the development set
and 54.7% on the official blind test set—substan-
tially improving upon the baseline. We analyse
common failure modes and discuss implications
for structured legal reasoning using large language
models.

1 Introduction

Islamic inheritance reasoning (Mohammedi, 2012),
or ilm al-mawārīth, is a formalised branch of Is-
lamic jurisprudence that governs the distribution of
a deceased person’s estate among legally entitled
heirs (Ajani et al., 2013; Chebet et al., 2014). Its
rules involve fixed fractional shares (fara iḍ)1, eligi-
bility conditions, and precedence mechanisms such
as exclusion (ḥajb), redistribution (radd), and pro-
portional adjustment ( awl) (Rahman et al., 2017;
Samia and Khaled, 2018; Tabassum et al., 2019).
These provisions demand precise arithmetic and
deep doctrinal understanding—posing significant
challenges for large language models (LLMs), es-
pecially in Arabic and under strict formatting con-
straints.

1https://ir.uitm.edu.my/id/eprint/44401/

Subtask 1 of QIAS 2025 (Bouchekif et al.,
2025a)2 evaluates LLMs on Modern Standard Ara-
bic multiple-choice inheritance problems. Each
question presents a scenario with six options (A–F),
of which only one is correct. The dataset spans
Beginner cases (e.g., eligibility and basic share
allocation) and Advanced scenarios (e.g., multi-
decedent cases and complex fractional reasoning).
Final leaderboard rankings are based on accuracy
over a 1,000-item hidden test set.

Our system addresses two core challenges: (i)
producing legally and numerically grounded re-
sponses within a linguistically and culturally faith-
ful framework, and (ii) enforcing strict single-letter
output compliance despite inherent generative vari-
ability. We implement a dual-expert architecture
built on the ALLaM-7B model family (Bari et al.,
2024)3, combining a LoRA-fine-tuned model (Hu
et al., 2021) specialised for inheritance reasoning
with its original base variant. This is paired with
deterministic constrained decoding to ensure output
validity without compromising reasoning fidelity.
Experiments confirm strong performance on de-
velopment data, laying a foundation for broader
application and extension.

2 Related Work

Research on automating farā iḍ (Muhammad, 2020)
has explored expert systems, rule-based reason-
ing, and ontologies to encode inheritance rules.
Forward-chaining approaches4 have demonstrated
how heir eligibility and share allocation can be de-
rived deterministically from case facts, though such
systems scale poorly to complex scenarios. Onto-
logical frameworks like AraFamOnto (Zouaoui and
Rezeg, 2021) represent kinship relations and con-

2https://sites.google.com/view/qias2025/
home?authuser=0

3https://huggingface.co/ALLaM-AI/
ALLaM-7B-Instruct-preview

4https://ir.uitm.edu.my/id/eprint/44401/
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straints explicitly, enabling more generalisable in-
ference. These symbolic systems offer transparency
and correctness but lack flexibility. Mathematical
treatments further highlight the difficulty of exact
fractional reasoning—an open challenge for purely
neural models (Rahman et al., 2017)—which mo-
tivates hybrid approaches that combine symbolic
logic with LLM outputs.

Parallel efforts in Arabic question answering
(QA) have produced increasingly sophisticated re-
sources. The Qur’an QA shared task (OSACT
20225) advanced reading comprehension over scrip-
ture, prompting adaptations of Arabic BERT for
retrieval and extraction tasks (Malhas et al., 2022,
2023). Datasets such as HAQA and QUQA support
supervised QA for Hadith and Qur’an texts (Al-
nefaie et al., 2023a), while Hajj-FQA (Aleid and
Azmi, 2025) contains over 2,800 QA pairs based
on fatwas about the Hajj pilgrimage. Large-scale
efforts like Tafsir QA and Hadith QA (Qamar et al.,
2024) illustrate the difficulties of long-context rea-
soning. As noted in surveys (Samia and Khaled,
2018), challenges in Arabic QA persist—including
dialect variation, sparse annotations, and domain
sensitivity—all of which affect legal-religious do-
mains.

The application of large languagemodels (LLMs)
(Team et al., 2025; Sengupta et al., 2023; Huang
et al., 2024; Bari et al., 2024) to Islamic inheri-
tance is still emerging. Bouchekif et al. (2025b) and
Samia and Khaled (2018) have benchmarked GPT-
3.5 and GPT-4 on Sunni inheritance cases involving
ḥajb, residuary rules, and disqualifications. Their
results highlight key limitations: hallucinated logic,
vague or ungrounded reasoning, and high sensitiv-
ity to prompt phrasing (Mohammed et al., 2025;
Alnefaie et al., 2023b). Abbasi (2025) extended
this evaluation to Sunni and Shi i rules using GPT-
4, Gemini, and DeepSeek, finding that domain-
aligned prompting and arbitration strategies im-
prove reliability. Broader guidance for building
domain-faithful LLMs (Patel et al., 2023) stresses
curated data, evaluation rigour, and culturally con-
sistent output constraints. Symbolic approaches,
such as the formal rule-based method in (Abdelwa-
hab et al., 2016), remain a useful complement for
improving doctrinal accuracy.

Recent work onArabic cultural and dialectal eval-
uation (Hossain et al., 2025; de Francony et al.,

5https://sites.google.com/view/
quran-qa-2022

2019) and benchmarks like CamelEval (Qian et al.,
2024) and AraDiCE (Mousi et al., 2024) have
highlighted the importance of dialectal robustness,
cultural sensitivity, and domain awareness—fac-
tors critical to inheritance reasoning. Our work
builds on these insights, framing the task as a
constrained Arabic MCQ problem and leveraging
domain-specific prompting, deterministic decod-
ing, and dual-expert arbitration to ensure both legal
validity and output conformity.

3 Dataset

We use the official SubTask 1 dataset, consisting
of 20,000 training MCQs, plus 1000 development
and 1000 test questions. Each item has six options
(A–F) with one correct answer, spanning two diffi-
culty levels (beginner and advanced) and covering
diverse inheritance scenarios, including fractional
share computation, heir eligibility, and monetary
allocation.

4 Methodology

Our SubTask 1 system is designed to maximise ac-
curacy on Arabic multiple-choice inheritance rea-
soning questions while guaranteeing strict compli-
ance with the required output format. We adopt
a dual-expert inference framework built on the
ALLAM-7B family, integrating parameter-efficient
fine-tuning, domain-specific prompt design, and
deterministic constrained decoding.This section de-
tails the architecture, training methodology, and
inference workflow.

4.1 System Overview

The core principle of our approach is to leverage the
complementary strengths of two model variants: a
domain-specialised fine-tuned model and its unmod-
ified base counterpart. The fine-tuned model (FT-
ALLAM-7B) is optimised for Islamic inheritance
reasoning, learning task-specific patterns from cu-
rated training data. The base model (ALLaM-7B-
Instruct-preview) (Bari et al., 2024)6preserves the
generalisation capacity of the original pre-trained
model. By running both in parallel and reconcil-
ing their outputs via an arbitration mechanism, we
aim to reduce systematic biases while retaining the
accuracy benefits of domain adaptation.

6https://huggingface.co/ALLaM-AI/
ALLaM-7B-Instruct-preview
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4.2 Prompt Engineering
Each instance is wrapped in a fixed template aligned
with our fine-tuning setup. We prepend four few-
shot exemplars drawn from the official training set,
curated to cover eligibility determination (ḥajb),
fixed-share allocation, residual ( aṣaba) distribu-
tion, and least-common-multiple (LCM) normal-
ization for fractional shares. Exemplars follow a
reason-then-answer pattern to provide procedural
signals while preserving a concise, single-letter tar-
get format. The test item is then presented with
six options (A–F) and an explicit Answer: cue,
which constrains the model to a one-letter, format-
compliant output.

INSTRUCTION_EN:
"You are an expert in Islamic inheritance law.
Think step-by-step; output ONE uppercase letter (A--

F)."

SHOTS (k=4; TRAIN-only; fixed order; reason->answer)
SHOT 1

Question_AR: {EX1_Q_AR}
Options_AR: A){...} B){...} C){...} D){...} E){...} F){...}
Steps_AR: {EX1_STEPS_AR}
Answer: {EX1_LABEL} # A--F

SHOT 2 ... SHOT 4 (same fields)

TARGET
Question_AR: {Q_AR}
Options_AR: A){...} B){...} C){...} D){...} E){...} F){...}
Steps_AR: {REASONING_CUE_AR} # no gold label
Answer: # model outputs ONE letter only

Figure 1: Few-shot prompt schema used at inference.

4.3 Fine-Tuning Procedure
FT-ALLAM-7B is trained using Low-Rank Adapta-
tion (LoRA) applied to the attention projection lay-
ers (q_proj, k_proj, v_proj, o_proj) with rank
r = 16, scaling factor α = 32, and dropout of 0.05.
The model is fine-tuned on 20k MCQs from the
official dataset using a causal language modelling
(CLM) objective, concatenating the prompt and the
gold answer letter. Training runs for 5 epochs with
an effective batch size of 16 (via gradient accumu-
lation), learning rate 3 × 10−5 with cosine decay,
weight decay of 0.01, and bf16 precision. The se-
quence length is capped at 512 tokens, and gradient
checkpointing is enabled to manage memory. The
best checkpoint is selected based on accuracy over
the 1k-item development set.

4.4 Constrained Decoding
To enforce the requirement of single-letter predic-
tions (A–F), we implement a custom logits pro-
cessor that masks all vocabulary tokens except
the six valid options at each decoding step. We
fix max_new_tokens=1, temperature=0.0, and

Figure 2: Dual-expert inference pipeline for SubTask 1.
Prompts are constructed from the test set, processed in-
dependently by FT-ALLAM-7B and Base-ALLAM-7B
under constrained decoding, and reconciled via arbitra-
tion to produce the final submission.

do_sample=False to ensure deterministic, format-
compliant outputs. This replicates logit_bias-
style behaviour in a Hugging Face–compatible
framework.

4.5 Dual-Expert Arbitration
At inference, both FT-ALLAM-7B and Base-
ALLAM-7B process each question using identical
prompts and decoding constraints. If both models
agree, their answer is accepted; in the case of dis-
agreement, the FT-ALLAM-7B prediction is cho-
sen, as it consistently outperforms the base model
on the development set. This arbitration strategy
preserves the fine-tuned model’s domain-specific
precision while allowing the base model to act as a
corrective filter.

4.6 Pipeline Summary
As shown in Figure 2, the pipeline operates in
five steps: (1) parse the test CSV to extract ques-
tion–option pairs; (2) format each instance using
the few-shot template; (3) generate predictions from
FT-ALLAM-7B and Base-ALLAM-7B under con-
strained decoding; (4) apply arbitration to resolve
disagreements; (5) export final answers in the sub-
mission format. This compact, modular setup en-
sures reproducibility and allows easy integration of
additional experts or symbolic verifiers.

5 Experimental Setup

We retain the original Arabic text with minimal
cleaning (e.g., removing option prefixes) and embed
each instance in the fixed few-shot template. FT-
ALLAM-7B, derived from ALLAM-7B via LoRA
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(r = 16, α = 32, dropout 0.05), is fine-tuned
on ∼20k MCQs for 5 epochs (batch size 16, LR
3×10−5, cosine schedule, weight decay 0.01, bf16,
max length 512, gradient checkpointing). Inference
is constrained to A–F via a custom logits processor,
with tie-breaks favouring the fine-tuned model. All
experiments run on NVIDIA A100 (80GB) using
Hugging Face Transformers and PEFT.

6 Results and Analysis

6.1 Overall Performance

Our Dual-Expert ALLaM-7B system attains
60.0% accuracy on the official SubTask 1 develop-
ment set and 54.7% on the test set. For reference,
Bouchekif et al. (2025b) evaluate ALLaM-7B as
a base, zero-shot model and report an overall ac-
curacy of 42.9% (aggregate over Beginner+Ad-
vanced); they do not report separate dev/test splits.

System Dev Acc (%) Test/Overall
(%)

Dual-Expert ALLaM-
7B (Ours)

60.0 54.7

ALLaM-7B(Base,
Zero-Shot)

– 42.9

Table 1: QIAS SubTask 1 accuracy. Baseline score
(42.9%) is reported by Bouchekif et al. (2025b) as an
overall aggregate; dev/test splits are not provided.

6.2 Error Analysis

A qualitative examination of the system’s incorrect
predictions reveals several recurring error types:

• Eligibility errors: In some cases, the model
fails to correctly determine heir eligibility, par-
ticularly when multiple residuaries are present
and certain heirs should be excluded under
ḥajb rules.

• Fractional calculation errors: The model
occasionally miscomputes aggregated shares,
especially in scenarios involving awl adjust-
ments where the expansion of denominators
is required.

• Redistribution errors: In instances requir-
ing radd, residual shares are sometimes re-
distributed incorrectly, resulting in deviations
from proportional allocation.

• Numerical confusion: The model is occa-
sionally misled by distractor options that are

numerically close to the correct answer, of-
ten due to minor inaccuracies in intermediate
computations.

Among these, fractional calculation errors and
numerical confusion were the most prevalent, ac-
counting for the majority of observed mistakes.
These error types were particularly impactful in
Advanced questions, where multiple layers of arith-
metic reasoning and legal constraints interact, am-
plifying the effect of even minor computational de-
viations.

Although the absolute accuracy of our system
(60.0% dev, 54.7% test) is below the current leader-
board peak, the results validate the robustness of
our dual-expert architecture in a challenging reason-
ing domain. The approach achieves a substantial
gain over the random baseline, maintains consistent
performance across evaluation splits, and guaran-
tees strict output-format compliance. Moreover, the
modular design offers a clear path toward further
enhancements, such as the integration of symbolic
share calculators or retrieval-augmented prompts,
which are expected to address the advanced frac-
tional reasoning errors identified in our analysis.

7 Conclusion and Future Work

We introduced a dual-expert large language model
system for structured Islamic inheritance reason-
ing in Arabic, combining parameter-efficient fine-
tuning with deterministic output control. Our archi-
tecture, based on ALLaM-7B, achieved competitive
performance in QIAS Subtask 1 and demonstrated
strong generalisability across question types. The
system’s strengths include strict output compliance,
modular design, and reproducibility, while limita-
tions remain in handling complex fractional arith-
metic and legal exclusions. In future work, we plan
to incorporate rule-based verifiers, enrich training
with curated and synthetic edge cases, and explore
retrieval-augmented and multi-agent frameworks to
further enhance reasoning accuracy and robustness
in domain-specific applications.
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