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Abstract

Islamic inheritance law (’Ilm al-Mawārı̄th) re-
quires precise identification of heirs and cal-
culation of shares, which poses a challenge
for AI. In this paper, we present a lightweight
framework for solving multiple-choice inher-
itance questions using a specialised Arabic
text encoder and Attentive Relevance Scoring
(ARS). The system ranks answer options ac-
cording to semantic relevance, and enables fast,
on-device inference without generative reason-
ing. We evaluate Arabic encoders (MARBERT,
ArabicBERT, AraBERT) and compare them
with API-based LLMs (Gemini, DeepSeek)
on the QIAS 2025 dataset. While large
models achieve an accuracy of up to 87.6%,
they require more resources and are context-
dependent. Our MARBERT-based approach
achieves 69.87% accuracy, presenting a com-
pelling case for efficiency, on-device deploya-
bility, and privacy. While this is lower than the
87.6% achieved by the best-performing LLM,
our work quantifies a critical trade-off between
the peak performance of large models and the
practical advantages of smaller, specialized sys-
tems in high-stakes domains.

1 Introduction

Large Language Models (LLMs) such as GPT-4
(OpenAI, 2023), Gemini (Team et al., 2023), and
Deepseek-v3 (Liu et al., 2024) have advanced nat-
ural language processing, and show strong reason-
ing capabilities on many topics. However, as they
were mainly trained on general web data, they of-
ten struggle in specialised domains with high ac-
curacy (Bubeck et al., 2023). Islamic inheritance
law (’Ilm al-Mawārı̄th) is one such area, which is
based on fixed rules from the Qur’an and Sunnah
and requires a precise understanding of the law
and accurate mathematical proportion calculations
(Esmaeili, 2012; Phillips and Wilson, 1995). The
complexity arises from rules such as farā'id. (fixed
shares), ’awl (reduction of shares if more than one),

and radd (increase of shares if less than one) (El-
Far, 2011), where errors can cause serious legal
and financial problems. General LLMs often fail at
such tasks due to the multi-step reasoning and strict
numerical precision, especially in Arabic contexts
(Arabi and Hassan, 2023). Reinforcing this point,
a recent comprehensive study by (Bouchekif et al.,
2025b) specifically assessed LLMs on Islamic in-
heritance law, providing empirical evidence of their
limitations in this domain. Therefore, the QIAS
2025 SubTask 1 becomes a valuable benchmark for
the assessment (Bouchekif et al., 2025a). This pa-
per presents a lightweight framework developed for
Islamic inheritance reasoning to address these chal-
lenges. Our approach combines a pre-trained Ara-
bic text encoder with an Attentive Relevance Scor-
ing (ARS) module. Instead of generating step-by-
step generative answers, the system measures how
strongly each possible answer relates to the ques-
tion. The ARS module then ranks the options and
selects the correct legal and mathematical outcome.
This design focuses on accuracy and efficiency, pro-
viding a more feasible solution than large LLMs re-
quiring high computational resources. We compare
our specialised model with several leading general-
purpose LLMs, including Gemini and DeepSeek,
using the official QIAS 2025 dataset. Our experi-
ments show that large models are prone to certain
types of errors, especially under specific inference
conditions. Our targeted approach, while not per-
fect, presents an alternative with a different perfor-
mance and error profile, prioritizing consistency
and efficiency. The primary contributions of this
work are threefold:

1. We present an efficient, specialized frame-
work that applies an attentive relevance scor-
ing mechanism to pre-trained Arabic encoders
for Islamic inheritance reasoning.

2. We provide a comparative analysis compar-
ing our specialized model with SOTA general-
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Figure 1: The proposed architecture. Parallel Text En-
coders convert a question and answer into Question
Embeddings and Answer Embeddings. An Attentive
Relevance Scoring module then compares these embed-
dings to output a Final Relevance Score

purpose LLMs, highlighting the significant
impact of inference strategies (batched vs. sin-
gle input) on LLM performance.

3. We provide empirical evidence of the practical
advantages (efficiency, privacy, deployability)
of domain-specific models, offering a viable
alternative to resource-intensive LLMs despite
a performance trade-off.

The remainder of this paper is organised as fol-
lows: Section 2 describes our approach in detail;
Section 3 presents results and discussion; and Sec-
tion 4 concludes with future research directions.

2 Methodology

This section describes our proposed hybrid archi-
tecture that combines an Arabic text encoder with
a scoring mechanism called Attentive Relevance
Scoring (ARS) (Bekhouche et al., 2025). We eval-
uate several Arabic text encoders in this setup. The
method aims to improve question answering for
Islamic inheritance law by capturing complex se-
mantic relationships while keeping computation
lightweight, making it suitable for low-resource en-
vironments and edge devices without cloud access.
A key design choice is that our approach does not
rely on explicit reasoning. Instead, it focuses on
providing a fast and low-cost inference solution
directly on the device. The text encoder processes

both the question and candidate answers, produc-
ing dense vector embeddings. The ARS module
then scores each candidate answer by assigning
higher weights to terms that are contextually im-
portant, enabling the system to capture fine-grained
details in legal terminology. As shown in Figure 1,
the system operates in two stages: (1) the encoder
generates semantic embeddings for the question
and answers, and (2) ARS refines the ranking by
computing a final relevance score. It is important
to clarify that our approach does not perform ex-
plicit, step-by-step symbolic reasoning. Instead, it
is designed to solve this complex reasoning task by
learning to identify the candidate answer with the
highest semantic relevance to the question.

2.1 Text Encoder
We experiment with five Arabic text encoders:
ArabicBERT-Mini (Safaya et al., 2020), Ara-
bicBERT (Safaya et al., 2020), AraBERT (An-
toun et al., 2020), MARBERT (Abdul-Mageed
et al., 2020), and QARiB (Abdelali et al., 2021).
Given a question q and a candidate answer c, the
encoder processes each independently, producing
two types of representations: (1) Sequence-level
representations, denoted as Hq ∈ RB×L×d and
Hc ∈ RB×L×d, which capture contextual embed-
dings for each token in the question and the answer.
(2) Pooled representations from the final-layer
[CLS] token.

Here, B is the batch size, L is the input length,
and d is the hidden dimension of the model. For
all models, L = 512. The hidden size d is 256 for
ArabicBERT-Mini and 768 for the other encoders.
For global semantic representation, we extract the
[CLS] token embedding from the final layer and
apply ℓ2 normalization:

qemb = Norm(E(q)[CLS]) ∈ Rd,

cemb = Norm(E(c)[CLS]) ∈ Rd,
(1)

where Norm(·) is ℓ2 normalization. This normaliza-
tion projects embeddings onto the unit hypersphere,
improving stability in similarity computations.

2.2 Attentive Relevance Scoring
The ARS module (Bekhouche et al., 2025) com-
putes adaptive semantic similarity between the
question and candidate embeddings via a trainable
interaction model. First, both embeddings are pro-
jected into a shared latent space:

hq = Wqqemb, hc = Wccemb, (2)
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where Wq,Wc ∈ Rh×d are learnable projection
matrices and h is the shared hidden dimensional-
ity. Next, element-wise multiplication is applied,
followed by a non-linear activation to compute the
interaction vector vint:

vint = tanh(hq ⊙ hc), (3)

where ⊙ denotes element-wise multiplication and
tanh(·) is the hyperbolic tangent function. Finally,
the relevance score r is obtained using an attention
vector watt ∈ Rh:

r = σ
(
w⊤

attvint

)
, (4)

where σ(·) is the sigmoid function.

2.3 Training Objective

To train the model effectively, we employ a com-
posite training objective designed to optimize for
both semantic representation and accurate ranking.
This objective is composed of three distinct loss
functions, each with a specific goal:

• Contrastive Loss (Lcons): Aligns the embed-
dings of correct question-answer pairs while
pushing them apart from incorrect pairs.

• Dynamic Relevance Loss (Ldyn): Directly su-
pervises the final ARS scores to ensure the
model produces confident and well-calibrated
rankings.

• Relevance Score Logit Regularization (Lreg):
Stabilizes training by encouraging variance
in the pre-activation logits, preventing score
collapse.

The total loss, Ltotal, is a weighted sum of these
components, formulated as:

Ltotal = αLcons + βLdyn + γLreg (5)

We empirically set the balancing weights to α =
0.4, β = 0.4, and γ = 0.2. A detailed mathemati-
cal formulation for each component is provided in
Appendix A.

3 Results and Discussion

3.1 Dataset

The dataset in this study is from the official release
of SubTask 1: Islamic Inheritance Reasoning in the
QIAS 2025 challenge. It covers the rule-based field

of Islamic inheritance law, where systems must un-
derstand scenarios, identify heirs, apply fixed-share
rules, handle diminution and radd return, and calcu-
late exact shares. All questions are multiple-choice
with one correct answer, grouped into Beginner, In-
termediate, and Advanced levels. The training set
has 9,446 samples (5,095 Beginner, 3,431 Interme-
diate, 920 Advanced), the validation set has 1,000
samples (500 Beginner, 300 Intermediate, 200 Ad-
vanced), and the test set has 1,000 samples (500
Beginner, 500 Advanced, no labels). Training and
validation have six labels (A–F), with C most com-
mon; the test set is unlabeled. Beginner questions
involve simple share identification, Intermediate
include adjusted shares after radd, and Advanced
require full monetary distribution. This dataset is
well-suited for testing both language understanding
and precise numerical reasoning in Islamic law.

3.2 Experimental Setup

Experiments were performed on a system with
seven NVIDIA L4 GPUs, each with 24 GB of
VRAM, using a distributed multi-GPU training
strategy. Mixed-precision training was not used,
and the gradient accumulation step was set to 1 for
stability. Optimization was done with the AdamW
optimizer, starting at 1×10−4 and ϵ = 1×10−8. A
cosine annealing scheduler was employed to adjust
the learning rate, which was warmed up to 10% of
its target before decaying. Gradient clipping with a
maximum norm of 0.5 was applied for numerical
stability.

3.3 Results and Discussion

Table 1 summarizes the performance and computa-
tional costs of various Arabic text encoders in our
framework. MARBERT achieved the highest vali-
dation and test sets accuracy, showcasing its strong
ability to capture the linguistic and domain-specific
nuances needed for Islamic inheritance reasoning.
Previous research supports that MARBERT, which
is trained on extensive Arabic social media data,
effectively handles complex morphology and se-
mantic variations. While this analysis primarily
compares our models with state-of-the-art (SOTA)
large language models (LLMs), future work should
benchmark against traditional non-neural baselines
(e.g., TF-IDF with cosine similarity) to quantify the
advantages of deep learning methods, especially
for lower-parameter encoders. We also tested API-
based LLMs using two inference strategies to as-
sess the impact of context size on performance. The
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Model Params (M) ↓ GFlops ↓ Results
Valid ↑ Test ↑

ArabicBERT-Mini (Safaya et al., 2020) + ARS 11.6 10.3 65.62% 64.23%
ArabicBERT (Safaya et al., 2020) + ARS 110.7 71.1 69.08% 67.19%
AraBERT (Antoun et al., 2020) + ARS 135.3 96.2 73.85% 68.46%
MARBERT (Abdul-Mageed et al., 2020) + ARS 162.9 124.5 77.32% 69.87%
QARiB (Abdelali et al., 2021) + ARS 135.3 96.2 74.18% 68.63%

Table 1: Performance and computational cost of various Arabic text encoders within our proposed framework on the
QIAS 2025 SubTask 1 validation and test sets. MARBERT achieves the highest accuracy, demonstrating its superior
ability to handle the linguistic nuances of Islamic inheritance law. Bold values indicate the best performance in each
column.

primary method involved a batched approach with
50 questions in a single prompt, which proved effi-
cient but created a large context window. By con-
trast, the single-question method (used for testing
Gemini-2.5-flash) improved accuracy significantly,
from 68.65% to 87.60%. This indicates that larger
context windows can lead to errors due to cross-
question interference. Although API-based models
like Gemini and DeepSeek variants outperform our
locally trained models regarding accuracy, their
high computational requirements prevent direct de-
ployment on edge devices. While running them
through cloud services is viable, it entails recurring
costs, latency issues, and privacy concerns, making
local solutions more attractive in constrained or
sensitive environments. Ultimately, these findings
reveal a trade-off between performance and deploy-
ability. A model with around 70% accuracy is best
suited as an assistive tool for legal experts rather
than an autonomous decision-maker, facilitating
rapid analysis or verification of simple cases, while
human oversight remains essential. This positions
such models as efficient assistants for on-device
or offline scenarios where cloud access is not fea-
sible. Additionally, our experiments demonstrate
that inference setup and input structuring signif-
icantly impact model behavior, highlighting the
importance of evaluation settings when comparing
LLM-based systems.

4 Conclusion

We presented a lightweight framework for au-
tomated Islamic inheritance reasoning (’Ilm al-
Mawārı̄th), combining a specialized Arabic text en-
coder with an Attentive Relevance Scoring (ARS)
mechanism for multiple-choice questions. Our lo-
cal model, using MARBERT, achieved a test accu-
racy of 69.87%, which, while promising, is notably

Base Model Reasoning ACC ↑
deepseek-chat No 66.40%
deepseek-reasoner Yes 69.40%
gemini-2.0-flash No 60.44%
gemini-2.5-flash Yes 68.65%
gemini-2.5-flash* Yes 87.60%

Table 2: Performance of API-based LLMs. All models
were evaluated using a batched input of 50 questions,
except where noted by an asterisk (*).

lower than the 87.60% reached by leading API-
based LLMs like Gemini. This performance differ-
ence stems from our model’s core design, which
forgoes explicit, step-by-step symbolic reasoning
in favor of efficient semantic matching. Despite
this accuracy trade-off, our approach offers signif-
icant advantages in computational efficiency, on-
device deployability, and data privacy, making it a
viable solution for resource-constrained or offline
applications.

These results highlight a critical trade-off be-
tween peak performance and practical usability.
The current accuracy level positions our system
as a valuable assistive tool for legal experts rather
than a fully autonomous decision-maker, underscor-
ing the necessity of human oversight in such high-
stakes, rule-based domains. This demonstrates that
lightweight, domain-adapted models remain highly
relevant for specific use cases. Future work will
directly aim to close the accuracy gap by integrat-
ing symbolic reasoning capabilities to handle the
precise calculations inherent in inheritance law. We
will also explore hybrid approaches that combine
the efficiency of our lightweight model with the rea-
soning power of large models to achieve an optimal
balance of performance and practicality.
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A Detailed Training Objective

This section provides the detailed mathematical
formulation of the three loss components used in
our training objective. The total loss is defined as:

Ltotal = 0.4 · Lcons + 0.4 · Ldyn + 0.2 · Lreg (6)

A.1 Contrastive Loss (Lcons)
We use an InfoNCE-based contrastive loss on the
[CLS] token embeddings. This loss aims to pull
the question embedding (q) closer to the correct
answer embedding (c+) and push it away from the
five incorrect answer embeddings (c−).

Lcons = − 1
B

B∑

i=1

log

(
esim(qi,c

+
i

)

esim(qi,c
+
i

)+
∑5

j=1 e
sim(qi,c

−
i,j

)

)

(7)
where sim(a,b) = (a⊤b)/τ . Here, qi and ci are
the embeddings for the question and answers, and
τ is a trainable temperature parameter.

A.2 Dynamic Relevance Loss (Ldyn)
This loss directly supervises the final ARS scores
(r) to ensure they are well-calibrated. It maximizes
the score for the correct answer and minimizes the
score for a randomly selected incorrect answer.

Ldyn = − 1

B

B∑

i=1

[
log(r+i + ϵ) + log(1− r−i + ϵ)

]

(8)
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Here, r+i and r−i are the sigmoid-activated ARS
scores for the correct and a randomly chosen in-
correct answer. The constant ϵ ensures numerical
stability.

A.3 Relevance Score Logit Regularization
(Lreg)

To improve training stability, we apply a regulariza-
tion loss on the raw, pre-sigmoid relevance scores
(logits, s). This loss maximizes the variance of the
logits within a batch, encouraging the model to use
a wider dynamic range for its scores.

Lreg = −(Std(s+batch) + Std(s−batch)) (9)

where s+batch and s−batch are the sets of logits for all
correct and incorrect answers across the batch. We
minimize the negative standard deviation, which is
equivalent to maximizing the standard deviation.
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