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Abstract
Islamic inheritance is a highly structured, rule-intensive domain that requires precise reasoning. The QIAS 2026
shared task introduces a benchmark for evaluating generative artificial intelligence on end-to-end inheritance problem
solving. In this paper, we present our team Silah’s participation, comparing three approaches: 1) a multi-stage
retrieval-augmented, rule-guided pipeline, 2) supervised fine-tuning of generative large language models, and 3)
retrieval-augmented fine-tuning. We evaluate several open-source models, including Qwen2.5, LLaMA, DeepSeek,
and Fanar. Our results show that supervised fine-tuning consistently outperforms retrieval-based approaches, with
the fine-tuned Fanar-1-9B-Instruct model achieving the best performance (MIR-E = 0.83). These findings suggest
that learning implicit reasoning patterns through fine-tuning is more effective than explicit rule injection under current
retrieval setups, highlighting the need for more precise and selective rule retrieval in future approaches.
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1. Introduction

The Islamic law of inheritance, known as Ilm al-
Fara’id or al-Mawarith, is a fundamental branch of
Islamic jurisprudence. It is characterised by a highly
structured and requires precise reasoning to deter-
mine heirs, assess eligibility, and allocate shares.
In addition, the distribution of shares may involve
mathematical adjustments, increasing complexity.
As such, it provides a well-defined yet challenging
domain for evaluating advanced reasoning capabil-
ities in artificial intelligence (AI).

The Question-and-Answer in Islamic Studies As-
sessment (QIAS 2026) shared task provides a
benchmark for evaluating generative AI models in
Islamic inheritance problem solving. The task re-
quires interpreting natural-language scenarios and
producing structured outputs that include identified
heirs, blocked heirs, assigned shares, adjustment
mechanisms such as awl and radd, and the final
distribution of the estate. This highlights the dual
challenge of linguistic understanding and adher-
ence to domain-specific rules.

In this work, team Silah ( �éÊ�� ) explores three
generative AI approaches for the QIAS 2026
shared task: (1) a multi-stage retrieval-augmented,
rule-guided pipeline (RAG-P) based on retrieval-
augmented generation (RAG) (Lewis et al., 2020),
where relevant rules are dynamically retrieved
and injected into the prompt; (2) supervised fine-
tuning (SFT) on the QIAS dataset; and (3) retrieval-
augmented fine-tuning (RAG-FT), which follows the
same training procedure as SFT but incorporates
domain-specific rules into the prompt only at infer-

ence time to guide predictions.
The main contributions of this paper are twofold:

a comparative evaluation of RAG, SFT, and RAG-
FT for Islamic inheritance reasoning, and an em-
pirical study across multiple open-source LLMs on
the QIAS 2026 benchmark.

2. Background

2.1. Task Definition

The QIAS 2026 shared task focuses on Is-
lamic inheritance reasoning, where the goal
is to automatically solve inheritance scenar-
ios described in natural language. Each
scenario is presented in Arabic, specifying
heirs and their relationships to the deceased (e.g.,
H.
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Given such input, the system must interpret the
scenario, apply Islamic inheritance rules, and gen-
erate a structured JSON output. The expected
output comprises multiple components: eligible
heirs and their counts, blocked heirs, legal shares,
whether awl or radd applies, the estate origin (asl
al-mas’ala), and the final distribution of shares fol-
lowing ta’sil and adjustment when necessary.

Overall, the task combines natural language un-
derstanding, rule-based reasoning, and numerical
computation, requiring models to perform multi-
step decision-making in accordance with Islamic
inheritance law.
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2.2. Dataset Description
The dataset provided for the shared task (Bouchekif
et al., 2026) consists of 12,000 training instances
and 500 test instances, with 200 training instances
reserved for development. Each instance includes
a unique identifier, a natural-language question de-
scribing an inheritance scenario, a reasoning trace,
a category label, and a structured JSON output.

The dataset exhibits a clear class imbalance, with
awl and radd cases underrepresented compared
to simple cases. As reported in (Bouchekif et al.,
2026), awl and radd account for 4.81% (n=577) and
2.87% (n=344), respectively, in the training set, and
7.80% (n=39) and 1.00% (n=5) in the test set. In
this work, we use the dataset as provided, without
applying resampling or rebalancing strategies.

2.3. Related Work
Early work on Islamic inheritance focused on rule-
based and expert systems for automating share
calculations (Kurdi, 2026). With the advent of gen-
erative AI, there has been growing interest in evalu-
ating its understanding of Islamic inheritance. Initial
studies (Bouchekif et al., 2025b; Justanieah and
Kurdi, 2025) have explored this capability using
multiple-choice questions (MCQs). For example,
(Justanieah and Kurdi, 2025) evaluated ChatGPT
on a limited set of undergraduate-level exam MCQs
using a zero-shot prompting setup. The questions
included both general knowledge of Islamic inher-
itance and scenario-based cases; however, due
to the nature of MCQs, they typically focused on
isolated aspects of inheritance problems, such as
determining the share of a specific heir or identify-
ing blocked heirs, rather than requiring complete
end-to-end solutions. The study reported an accu-
racy of 65.35%, concluding that although ChatGPT
demonstrated useful explanatory and reasoning
abilities, it lacked the precision required for prob-
lems that demand both correct juridical interpreta-
tion and accurate mathematical computation.

Recent work has also emphasised the need for
robust evaluation frameworks. (Kurdi and Jus-
tanieah, 2025) introduced a structured benchmark
for inheritance calculation systems, showing that
previously reported high-performing systems may
perform significantly worse on more comprehen-
sive cases. This emphasis on systematic evalua-
tion was further extended in the QIAS 2025 shared
task on Islamic Inheritance Reasoning and Islamic
Knowledge Assessment (Bouchekif et al., 2025a),
which provided a large-scale benchmark for evalu-
ating language models on inheritance and broader
Islamic knowledge. Inheritance reasoning in QIAS
2025 was also formulated as an MCQ answering
task, enabling systematic comparison across par-
ticipating systems. The task demonstrated that

strong performance can be achieved using a va-
riety of strategies, including fine-tuning (Elrefai
et al., 2025), RAG (Hamed et al., 2025), combin-
ing fine-tuning with RAG (Mohammad, 2025), and
ensemble-based approaches (AlDahoul and Zaki,
2025). Although QIAS 2025 enabled systematic
comparison, it remained limited to answer selection
rather than full end-to-end inheritance reasoning.
To address this, QIAS 2026 introduces a more chal-
lenging setting in which systems are required to
generate structured outputs that reflect the com-
plete reasoning process.

3. System Overview

We explore three approaches for Islamic inher-
itance reasoning: 1) RAG-P, 2) SFT, and 3)
RAG-FT. All approaches are built on top of pre-
trained generative large language models. These
approaches are described in the following sec-
tions, while implementation details, including
prompts and the curated rule base, are publicly
available at: https://github.com/grkurdi/
silah-inheritance-reasoning-llm.

3.1. Base Models
We experimented with multiple open-source
models, varying in size, architecture, and training
paradigms, to assess their effectiveness for Islamic
inheritance reasoning. Specifically, we evaluated
four model families: Qwen: Qwen2.5-3B-Instruct
(Yang et al., 2024), LLaMA: Meta-Llama-3-8B-
Instruct (Grattafiori et al., 2024), DeepSeek:
DeepSeek-R1-Distill-Qwen-7B (DeepSeek-AI,
2025), and Fanar: Fanar-1-9B-Instruct (Abbas
et al., 2025). These models provide a balance
between general-purpose reasoning and Arabic-
focused modeling, with Fanar optimised for Arabic,
while Qwen2.5, LLaMA, and DeepSeek offer
strong general reasoning performance.

3.2. Multi-Stage Retrieval-Augmented
Rule-Guided Pipeline

We propose a multi-stage, rule-guided approach
for Islamic inheritance problem solving. Rather
than generating the final answer in a single step,
the pipeline decomposes the task into five stages:
1) special-case detection, 2) identification of heirs,
blocked heirs, heir types, and initial shares, 3) com-
putation of the estate origin and detection of broken
groups in which shares cannot be evenly distributed
among group members without fractions, 4) correc-
tion and determination of awl or radd, and 5) final
adjustment as needed.

First, the question is preprocessed by extracting
and normalising heir mentions. Second, relevant

https://github.com/grkurdi/silah-inheritance-reasoning-llm
https://github.com/grkurdi/silah-inheritance-reasoning-llm
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rules are retrieved from a manually curated rule
base. Third, a stage-specific prompt is constructed
and sent to the model, incorporating task instruc-
tions, the retrieved rules, and, when applicable, the
structured output of the previous stage. This se-
quential design improves control, interpretability,
and alignment with the procedural nature of Islamic
inheritance reasoning.

The rule base is derived from educational ma-
terials, primarily undergraduate lecture slides pre-
pared by the authors. The rules are organised into
JSON files by category, including special cases
(22), fixed shares (26), asaba (11), blocking (22),
asl al-mas’ala (7), adjustment (4), and awl/radd
(13). Examples are provided in the Appendix.

Rule retrieval is performed in a stage-specific
manner, where each stage selects a subset of
rules tailored to its objective. Retrieval is based on
the fields heirs, required_heirs, optional_heirs_any,
and conditions. For example, in the special-
case detection stage, a rule is selected if all re-
quired_heirs are present in the question. If op-
tional_heirs_any is non-empty, at least one of its
heirs must also be present. If both fields are empty,
the rule is selected if any heir listed in heirs appears
in the question.

3.3. Supervised Fine-tuning

We fine-tune a pretrained language model using
parameter-efficient fine-tuning (PEFT) with Low-
Rank Adaptation (LoRA) (Hu et al., 2022). LoRA
adapters are applied to key projection layers (e.g.,
query, key, value, and feed-forward projections),
allowing efficient adaptation with a reduced number
of trainable parameters. Fine-tuning configuration
and training settings are provided in the Appendix.

At inference, the model generates textual out-
puts that are parsed into structured JSON. Post-
processing ensures schema consistency through
field normalisation and structure validation. Specif-
ically, normalisation functions enforce correct data
types (e.g., integers, floats), standardise list for-
mats (e.g., heirs and shares), and handle mal-
formed or partial outputs. A final validation step
ensures that each prediction conforms to the re-
quired schema before inclusion in the results.

3.4. Retrieval-Augmented Fine-Tuning

In addition to baseline fine-tuning, we incorporate
a lightweight retrieval component that provides ex-
plicit inheritance rules at inference time. This ap-
proach follows the same supervised fine-tuning
procedure as SFT and does not include retrieved
rules during training; instead, retrieval is applied
only at inference to guide predictions. We reuse the
same curated rule set as in RAG-P for consistency.

The approach introduces three components.
First, a preprocessing layer extracts and normalises
heir mentions, decomposing compound expres-
sions and standardising lexical variants into canon-
ical singular forms. Second, a retrieval module
selects relevant rules based on detected heirs by
matching against rule metadata (e.g., heirs, re-
quired_heirs, optional_heirs_any) and returning a
deduplicated set of rules. Third, instead of prompt-
ing the model with only task instructions and the
question, the RAG-FT variant prepends the re-
trieved rules to the prompt.

4. Experimental Setup

4.1. Data Splits
We follow the official data splits. The models are
trained on the training set, with the validation set
used for parameter tuning and preliminary evalua-
tion. The final results are reported on the test set,
which is used solely for benchmarking.

4.2. Evaluation Metrics
The official evaluation metric is the MIR-E score,
which ranges from 0 to 1 and is calculated as a
weighted sum of stage-level scores. The weights
are defined as λ1 = 0.30 for eligible and blocked
heirs, λ2 = 0.20 for legal shares, λ3 = 0.10 for
the awl/radd decision, and λ4 = 0.20 for the final
distribution:

MIR-E = λ1Sheirs+λ2Sshares+λ3Sawl+λ4Sfinal

Each stage is evaluated according to its output
type. Set-valued stages (eligible and blocked heirs)
are assessed using set overlap, independent of
order. The awl/radd stage, where the model deter-
mines whether the case involves awl, radd, or nei-
ther, is considered correct only if the predicted cat-
egory matches the gold label and previous stages
are correct. The numerical stages (legal shares and
final distribution) are evaluated using a tolerance-
based criterion, where the predictions are consid-
ered correct if they fall within 0.1 of the gold values.

5. Results

Our best result achieved seventh place on the
leaderboard1 with an MIR-E score of 0.83, demon-
strating competitive performance compared to
other submissions, where scores ranged from 0.74
to 0.94. Table 1 presents the performance of differ-
ent models and approaches on the test set.

RAG-P achieved low performance across all
models, with scores ranging from 0.17 to 0.38, high-
lighting limitations in retrieval precision and its im-

1https://sites.google.com/view/qias2026/leaderboards
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pact on reasoning. In particular, the retrieval step
often returns multiple applicable rules for the same
heir without sufficiently disambiguating the context.
For example, a daughter may receive a fixed share
of 1/2 or 2/3 of the estate, or, when combined with a
son or a sister of the deceased, become a residuary
heir and inherit the remainder after fixed shares are
allocated, depending on the case. However, rules
corresponding to all these scenarios are often re-
trieved simultaneously, introducing ambiguity and
potentially confusing the model during inference.

Within this multi-stage RAG setting, performance
varied across models. Fanar achieved the best re-
sults, while DeepSeek obtained the lowest score.
A closer analysis revealed that DeepSeek often
extracted only heirs, while other key components
such as blocked heirs and the post-tasil distribu-
tion in the JSON output were frequently missing.
This behaviour can be attributed to inconsistent ad-
herence to the prompt instructions, which require
Arabic-only responses and a strict output format.
The model occasionally generated non-Arabic con-
tent (e.g., Chinese tokens) and deviated from the
required structure, negatively affecting its results.

Based on these findings, we selected the best-
performing models for fine-tuning. Fine-tuning sig-
nificantly improved performance, with LLaMA and
Fanar achieving MIR-E scores of 0.81 and 0.83,
respectively. For the RAG-FT configuration, we
used the best-performing base model, Fanar, which
achieved a score of 0.74. These results highlight
the effectiveness of fine-tuning over RAG-based
approaches for Islamic inheritance reasoning, par-
ticularly in capturing structured rule application and
producing accurate final distributions.

The best results were achieved using supervised
fine-tuning, while RAG-P performed significantly
worse, and RAG-FT yielded intermediate perfor-
mance. Both RAG-P and RAG-FT introduced noise
due to limitations in retrieval precision, as the re-
trieved rules were sometimes excessive and, in
other cases, incomplete. Therefore, careful design
of the retrieval mechanism is essential to ensure
the selection of minimal, precise, and contextually
relevant rules that capture interactions among com-
binations of heirs, rather than rules triggered solely
by the presence of individual heirs.

Base Model Approach MIR-E
Qwen2.5 RAG-P 0.28
LLaMA RAG-P 0.33
DeepSeek RAG-P 0.17
Fanar RAG-P 0.38
LLaMA SFT 0.81
Fanar SFT 0.83
Fanar RAG-FT 0.74

Table 1: Model performance on the test set.

6. Limitations

This study has several limitations. First, although
we consider multiple open-source models, we do
not systematically examine the impact of model
scale. Larger variants may exhibit different capabil-
ities and achieve better performance. For example,
we evaluate only Qwen2.5-3B-Instruct, as larger
variants were excluded due to computational con-
straints. Future work should explore larger variants
to enable a more comprehensive comparison.

Second, the absence of a pre–fine-tuning base-
line limits our ability to disentangle the contribu-
tion of fine-tuning from the inherent capabilities
of the models. However, results from team PSL
(Mouhoub and BOUCHEKIF, 2026), who evaluate
general-purpose models under controlled prompt-
ing without task-specific adaptation, provide a use-
ful reference for estimating baseline capabilities.

Third, the comparison between fine-tuning and
RAG-based approaches should be interpreted with
caution, as our findings depend on the specific re-
trieval strategy and rules used. More advanced
retrieval pipelines have achieved stronger results
(Swaileh et al., 2026), suggesting that our RAG per-
formance is constrained by retrieval quality and rule
design. Moreover, we did not conduct a dedicated
retrieval-level evaluation (e.g., precision and recall
of retrieved rules), so attributing errors to retrieval
noise remains a hypothesis requiring further inves-
tigation. A systematic analysis of retrieval quality
and its impact on downstream generation will be
explored in future work.

Finally, the analysis is limited to aggregate MIR-E
scores, which do not fully capture the strengths and
weaknesses of the proposed approaches. As fu-
ture work, we plan to incorporate stage-level MIR-E
breakdowns and conduct a detailed error analysis,
thereby providing deeper insights for improving in-
heritance reasoning systems.

7. Conclusion

In this paper, we present our submission to the
QIAS 2026 shared task. We evaluate three ap-
proaches based on open-source large language
models: RAG-P, SFT, and RAG-FT. The best per-
formance is achieved by SFT, which outperforms
both RAG-based variants, demonstrating the ef-
fectiveness of learning inheritance reasoning pat-
terns directly from data. In future work, we plan
to explore training strategies that explicitly model
rule identification and application as intermediate
steps, enabling more accurate and interpretable
reasoning. We also aim to improve adherence to
instructions and output structure by investigating
techniques such as constrained decoding.
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10. Appendices

10.1. Examples of Inheritance Rules
Example 1:
{

"id":"share_01",
"title":

"( �ék. ð 	QË @)
	

�ðQ
	
®Ë @ H. Am

��


@",

"text":

". 	
�ðQ

	
®Ë @ H. Am

��


@ 	áÓ

�
ék. ð

	QË @",
"category":"fixed_share",
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"conditions":[],
"lang":"ar"

}

Example 2:
{

"id": "special_case_solution_03",
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"category": "special_case_solution",
"madhhab": "general",
"heirs":

[ " h. ð
	P ", " Ð@ ", " Yg. ", " �

é
�
®J

�
®
�
�

�
I

	
k@ ", " H.



B
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k@ "],

"required_heirs":

[ " h. ð
	P ", " Ð@ ", " Yg. "],

"optional_heirs_any":

[ " �
é
�
®J

�
®
�
�

�
I

	
k@ ", " H.



B

�
I

	
k@ "],

"conditions": {},
"lang": "ar"

}

10.2. Fine-Tuning Configuration and
Training Details

All experiments were implemented using the Hug-
gingFace Transformers library and PyTorch, and
executed with GPU acceleration. The training con-
figurations for LoRA and model optimisation are
summarised in Tables 2 and 3.

Parameter Value
Task type CAUSAL_LM
LoRA rank (r) 16
LoRA alpha 32
LoRA dropout 0.05
Bias none
Target modules q_proj, k_proj, v_proj, o_proj,

gate_proj, up_proj, down_proj

Table 2: LoRA configuration.
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Parameter Value
Tokeniser Same as base

model tokeniser
Max sequence length 2048
Optimiser AdamW
Learning rate 2× 10−4

Weight decay 0.01
Learning rate scheduler Linear (no

warmup)
Number of epochs 1
Train batch size per device 4
Eval batch size per device 1
Gradient accumulation steps 16
Effective train batch size 64
Selection metric eval_loss
Greater is better False
Mixed precision FP16 when

CUDA is avail-
able

Gradient checkpointing Enabled
Use cache Disabled
Seed 42

Table 3: Training configuration.
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