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Abstract 

The work in this paper is related to the 
shared task QIAS2025. In this paper we 
continue in assessing large language 
models on Islamic legal reasoning. It is a 
challenging task because LLMs have not 
yet evolved (especially the open-source 
models) to solve complex reasoning 
problems or to perform mathematical 
calculations that require several steps. The 
LLMs need to comprehend the problem and 
to generate accurate and justified answers. 
In this paper we confirm the results and the 
analysis given in (Bouchekif, 2024; 
Bouchekif, 2025). However, we 
experiment further with Fine Tuning and 
Chain of Thought (CoT) to improve the 
performance of the reasoning process and 
therefor the results of the LLMs. 

1 Introduction 

This shared task assesses the ability of LLMs to 
accurately answer questions about ʿlm al-
mawārīth (The science of Islamic Inheritance) in 
realistic scenarios. It is a major specialized topic 
in Islamic law. Islamic inheritance’s rules are well 
defined, but it requires a complex reasoning 
mechanism and well-designed and systematic 
calculations procedures. There are mainly three 
computational stages, each includes zero, one or 
more than one step, that required to solve an 
Islamic inheritance case. First stage is to 
comprehend the inheritance scenario presented to 

the system, to identify eligible and the non-
eligible heirs based on their relationship to the 
deceased person, bequests, the distribution of a 
defined amount of money, blocking or exclusion 
of some heirs, and to apply the basic fixed-share 
rules (farāʾiḍ). Second stage is to consider the 
cases where there are multiple heirs, multiple 
deceased individuals, residuary shares, and partial 
exclusion.  Third stage is to consider the intricate 
fractional calculations, adjusting and 
redistribution, exaptational and nuanced cases, 
and juristic disputes. Although those stages seems 
like they can be carried out in sequence they are 
Intertwined  and the system it has go back and 
forward over the rules.    This makes the science of 
inheritance complex due to its diverse situations, 
the  multiplicity of heirs, and the factors 
affecting the calculation of the estate, which 
requires a precise understanding of the texts of 
Islamic law and their correct application to 
prevent disputes and achieve justice in the 
distribution of rights.  

2 System Design Issues 

In (Bouchekif, 2024; Bouchekif, 2025) the 
performance of seven LLMs were assessed using 
a benchmark of 1,000 multiple-choice questions 
covering diverse inheritance scenarios, designed 
to test each model’s ability to solve such 
problems. Gemini 2.5 and o3, demonstrated high 
performance, achieving accuracy above 
90%.  GPT4.5 achieved moderate results. Jais, 
Mistral, and LLaMA showed significantly lower 
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accuracy reflecting their limitations in legal 
reasoning. There is a clear gap between models 
with reasoning abilities and those 
without.  ALLaM, Fanar, LLaMA, and Mistral, 
consistently struggled with identifying complex 
familial relationships, evaluating diverse 
inheritance scenarios, and correctly executing 
corrective calculations.   
 
As shown in the following section we assessed 
four models: Fanar, Llama, Gemini and Mistral. 
The models are further fine-tuned with a well-
defined and large set of 1000 examples.  We also 
recognized that the model architecture plays a 
major role in the result, i.e., being capable of 
performing reasoning or not. Models with 
reasoning capabilities consistently perform better.  
Having stated that, the reasoning capability is 
usually built outside the core of the model it is 
usually build at the application layer, i.e. the 
prompt, being the layer representing both the 
input and the output of the model. Many models 
nowadays claim that they have reasoning 
capability or at least able to respond correctly to 
simple reasoning task, but the challenge however 
among models present when dealing with 
complex reasoning problems. 
 
LLMs evolved from just being a next-token 
prediction task dealing mainly with natural 
language (Zhao, 2023), to code generation 
(Gehring, 2024), and logical reasoning (Webb, 
2023). Techniques such as chain of thoughts 
prompting techniques (Wei, 2022), tree of thought 
(Yao, 2024), trial-and-error search (Luo, 2024), 
Process Reward Models which facilitate 
reinforcement learning for LLMs (Sun, 2024). 
These emergent techniques are based on two main 
concepts in the traditional AI: “search” and 
“learning”. A combination of scaling train-time 
compute and test-time-compute leads to better 
reasoning performance (OpenAI, 2024). To sum 
up, there is main four approaches for reasoning: 
1) chain-of-thought (CoT) prompting which 
increases computational resources during 
inference to improve output quality. 2) Pure 
reinforcement learning (RL) 3) supervised 
finetuning (SFT) 4) combining both RL and SFT 
(Raschka, 2025).   
 
In this paper, CoT prompting combined with 
finetuning is being the focus in our investigation. 
To do that, different finetuning datasets were 
prepared with different sizes (e.g., 100 and 200 
questions) representing two different clusters. The 

first contains samples without any mathematical 
calculations, while the second contains samples 
that require mathematical calculations. As an 
example for the first cluster:  
 

 و )2( بلأ مع و )5( بلأ تخأو )4( بلأ بلأا مع :كرتو تام
 نم )2( بلأ مع ـل يلصلأا بیصنلا مك ملأا مأ مأو بلأا مأ مأ
  ؟كلذ ىلع لیلدلا امو ،ةكرتلا

 
The chain of thought (step-by-step) that should be 
followed is: 

1. The type of actors in the question: 
بلأ بلأا مع  بلأ تخأ , بلأ مع , بلأا مأ مأ , ملأا مأ مأو ,  
2. Those who deserve a fixed share: 

بلأ تخأ بلأ تخأ , ملأا مأ مأو ,  
3. Those who deserve a non-fixed share: 

بلأ مع  
4. Those who are blocked: 

بلأ بلأا مع  
5. From the above,  

 نم يقب ام ثریو ،سفنلاب تابصعلا نم وھ بلأ مع
ضورفلا باحصأ دعب ةكرتلا  

6. The number of actors in each type 
 نینثا ىلع مسقی ةكرتلا نم يقب ام  

 
To list the steps for each question (case) in this 
manner is unrealistic, but it is possible only for 
few shots. However, it still requires considerable 
efforts and skills to integrate CoT with the MCQs 
dataset.  
 
Results of CoT promoting approach is still under 
investigation. In the following section we analysis 
the results of the traditional finetuning approach 
without the implementation of CoT. 

3 Experimental Setup, Results and 
Analysis: 

Four LLMs were fine-tuned: Fanar, Llama, 
Gemini and Mistral. The models were tested on 
the provided dataset by the shared task which 
contains unlabeled 1000 MCQs questions 
(answers is one of the letters: A, B, C, D, E or F, 
i.e. six choices).  
 
The results are Gemini 2.5 and o3, demonstrated 
high performance, achieving accuracy above 
90%.  Fanar, Mistral, and LLaMA achieved 
moderate results 76%, 74%, 73% respectively 
reflecting their limitations in legal reasoning. This 
confirms to the findings in 
 
Four examples form the test dataset are selected to 
demonstrate different scenarios, Table [1]. Our 
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analysis shows that the level of the question being 
beginner or advanced has some impact on the 
model, but it is the wording of the question is the 
main reason that makes the model comprehend 
the questions. This means that classifying the 
questions to beginner and advanced are not very 
useful. 
 
 

Question ID Gold Level Fanar Llama Gemini Mistral 
8804_nl1d9s7s_4 E Beginner E C E E 

7398_nf5b3z3e_11 A Advanced D C A C 
8545_ni6z3l6j_12 D Advanced C F D F 
6839_np2c3f4i_4 B Beginner A D A F 

Table 1: Results from Fanar, Llama, Gemini and Mistral 
 
But rather we can classify the questions into 
logical and mathematical problems. It is obvious 
that the commercial models are better pre-trained 
and hence fine-tunned. The generated justification 
and calculations of the commercial models were 
better represented and more detailed. The four 
selected example are (Fanar and Gemini only): 
 
Question 8804_nl1d9s7s_4  

 
 بلأ مع و )5( بلأ تخأ و )4( بلأ بلأا مع :كرتو تام
 بلأ مع ـل يلصلأا بیصنلا مك ملأا مأ مأو بلأا مأ مأ و )2(
  ؟كلذ ىلع لیلدلا امو ،ةكرتلا نم )2(
 وھ ھبیصن","ةبصع ھنلأ :لیلدلاو ،ءيش لا وھ ھبیصن"
 ،بوجحم وھ ھبیصن","ةبصع ھنلأ :لیلدلاو ،ةكرتلا يقاب
 ھنلأ :لیلدلاو ،ةكرتلا لك وھ ھبیصن","ةبصع ھنلأ :لیلدلاو
 ھنلأ :لیلدلاو ،ةكرتلا يقاب وھ ھبیصن","ةبصع
  "ةبصع ھنلأ :لیلدلاو ،فصنلا وھ ھبیصن","ةبصع

Gemini   
 يقب ام ثریو ،سفنلاب تابصعلا نم وھ بلأ مع :لیلعتلا
 .)تادجلاو بلأ تخلأا( ضورفلا باحصأ دعب ةكرتلا نم
 نع لضف ام نوثری تابصعلا نأ ىلع ءاملعلا عمجأ دقو
 ھیلع الله ىلص يبنلا لوقبً لامع ،ضورفلا باحصأ بیصن
 لجر ىلولأف يقب امف ،اھلھأب ضئارفلا اوقحلأ" :ملسو
 ةلأسملا يف نیدوجوملا تابصعلا برقأ انھ وھو ."ركذ
  .يقابلا ذخأیف )بلأ بلأا مع نم برقأ(

Fanar  
 ةبصع دوجو دنعو ،تابصعلا نم بلأ معلا نلأ :لیلعتلا
 يف دجوی لاو ،ضئارفلا دعب ىقبت ام نوذخأی ،روكذلا نم
 ذخأی وھف اذل ،بلأ معلا ریغ ةبصع روكذ ةلأسملا هذھ
 سیل بلأ معلا نأ ھیونتلا بجی نكلو( .ةكرتلا نم يقابلا
 مأو بلأا وخأو دجلاو بلأا دعب يتأی لب ،تابصعلا ىلوأ
 وھ نم دجوی لا ،ةلأسملا هذھ يف نكلو ،بیترتلا يف بلأا
  )يقابلا ذخأی وھف اذل ،ةبصعلا روكذلا نم ھنم ىلوأ

Three models were able to produce the correct 
answer. The Justifications given by Fanar and 
Gemini are also correct, but Gemini style is 
clearer. Although a fault was injected into the 

question (e.g., choices B and E), both exactly have 
the same wording, the three models have not 
detected that and give the answer as E. 
Question 7398_nf5b3z3e_11  
 

 نبا نبا و (2) بلأ خأ نبا نبا و (3) ملأ خأو مأ :كرتو تام"
 ددع يلامجإ مك ، (4) قیقش خأو قیقش خأ نبا نبا و (2)

," 6؟ةلأسملا حیحصت لبق ةكرتلا ھیلع مسقت يذلا مھسلأا
   مھسأ 5,مھسأ 4,مھسأ 8,مھسأ 7,مھس 0,مھسأ

Gemini  

 ،(نبلاا نبا) ثراولا عرفلا دوجول سدسلا ثرت ملأا :لیلعتلا
 نإ كرت امم سدسلا امھنم دحاو لكل ھیوبلأو" :ىلاعت ھلوقل
 ،قیقشلا خلأا) ةوخلإا عیمج بجحی نبلاا نباو ."دلو ھل ناك
 لصأ نوكی ،ھیلع ءًانبو .مھدلاوأو (ملأ خلأاو ،بلأ خلأاو
 . مھسأ 6 وھو ملأا بیصن ماقم نم ةلأسملا

Fanar 

 ھنم جرخی يذلا ةلأسملا لصأ نم مھسلأا باسح أدبی :لیلعتلا
 (دحاو) نمثلا ملأا ذخأت ثیح ،مھسأ ةینامث وھو ،ملأا ضرف
 ً ابیصعت ثراولا عرفلل يقابلاو

Only Gemini was able to generate the correct 
answer for this advanced question. The 
justification given by Gemini is correct and it is 
detailed, while justification from Fanar is 
incorrect. This shows that Fanar didn’t 
comprehend the problem by saying: 

 عرفلل يقابلاو )دحاو( نمثلا ملأا ذخأت ثیح ،مھسأ ةینامث وھو
 ”ً ابیصعت ثراولا

Question 8545_ni6z3l6j_12  

 ددع مك ،(2) قیقش خأ و (3) ملأ خأ و بلأا بأ :كرتو تام
 4,"؟قیقش خأ لكل اھیلع لصحی يتلا حیحصتلا دعب مھسلأا
  نامھس,مھسأ3,مھس1,مھس 0,مھسأ 5,مھسأ

Gemini 
 ةوخلإا )حیحصلا دجلا( بلأا بأ بجحی ،ةلأسملا هذھ يف :لیلعتلا

 بھذم نإف ،دجلا عم ءاقشلأا ةوخلإل ةبسنلاب امأ .عامجلإاب ملأ
 امھیأ( لاملا ثلث ذخأی وأ ةوخلإا مساقی دجلا نأب يضقی روھمجلا
 ،نورخآ ضورف باحصأ دجوی لا ،ةلاحلا هذھ يف .)ھل لضفأ
  .)2 مھددعو( ءاقشلأا ةوخلإا مساقی دجلاف
  :ماھس 3 ةلأسملا لصأ انربتعا اذإ

  .)ةكرتلا نم 1/3( مھس 1 ذخأی دجلا   *
  .)ةكرتلا نم 2/3( مھس 2 ناذخأی ناقیقشلا ناوخلأا   *
  .مھس 1 = خأ 2 / مھس 2 = قیقش خأ لك بیصن   *

 
Fanar  

 قیقشلا خلأاف ،قیقشلا خلأا دوجو عم ملأ خلأا ثری لا :لیلعتلا 
 . بلأ خلأا بجحی

Gemini was able to generate the correct answer 
for this advanced question. The justification and 
the explanation of mathematical steps given by 
Gemini are correct and clear which includes 
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fractional allocation, while the justification from 
Fanar is incorrect which means Fanar has not 
understood this case (question). 

 Question 6839_np2c3f4i_4  

 قیقش مع نبا نبا و ملأا مأ مأ و بلأ بلأا مع :كرتو تام
  (3)قیقش مع نبا نبا ـل يلصلأا بیصنلا مك ةـجوز و (3)

 ," ؟كلذ ىلع لیلدلا امو ،ةكرتلا نم

 لاوأ نوكی تابصعلا بیترت :لیلدلاو ، ةكرتلا يقاب وھ ھبیصن
 ءانبلأا مدقی ةھجلا ثیح نمف ةوقلاب مث ةجردلاب مث ةھجلاب
 نمو ، - لاع نإو بلأا بأو بلأا- لوصلأا ىلع روكذلا

 نبا ىلع نبلإا مدقیف لزن نم ىلع لاع نم مدقی ةجردلا ثیح
 تناك نم مدقی ةوقلا ثیح نمو ، بلأا بأ ىلع بلأاو نبلإا
 ىلع قیقشلا خلأا مدقیف طقف بأب ناك نم ىلع نیوبأب ھتبارق
 لاف ، بلأ خلأا نبا ىلع قیقشلا خلأا نبا مدقیو بلأ ىذلا
 اوقحلا( صلى الله عليه وسلم ھلوقل ، ھنم برقأ عم بیصعتب دعبأ ثری
 ىلوأ انھو )ركذ لجر ىلولأ وھف ىقب امف اھلھأب ضئارفلا

  ,"قیقش مع نبا نبا وھ ركذ لجر
  ..نوكی تابصعلا بیترت :لیلدلاو ،ةكرتلا يقاب وھ ھبیصن "
  ...نوكی تابصعلا بیترت :لیلدلاو ،ةكرتلا يقاب وھ ھبیصن "
  ...نوكی تابصعلا بیترت :لیلدلاو ،ةكرتلا يقاب وھ ھبیصن "
  ...نوكی تابصعلا بیترت :لیلدلاو ،ةكرتلا يقاب وھ ھبیصن "
 نوكی تابصعلا بیترت :لیلدلاو ،ةكرتلا يقاب وھ ھبیصن "

Gemini  

  .تابصعو ضورف باحصأ انیدل ،ةلأسملا هذھ يف :لیلعت
 ،تیملل ثراو عرف دوجو مدعل )1/4( عبرلا ثرت :ةجوزلا
 ٌ"دَلوَ مْكَُّل نكَُی مَّْل نِإ مُْتكْرََت اَّممِ عُُبُّرلا َّنھَُلوَ" :ىلاعت ھلوقل
  .)12 :ءاسنلا(
 دنع )1/6( سدسلا ثرتو ،ةحیحص ةدج يھ :ملأا مأ مأ

  .روھمجلا لوق وھو ،ملأا مدع
 نم امھلاك :بلأ بلأا معو )3( قیقش مع نبا نبا
 مث ،ةھجلا :بیترتلاب تابصعلا میدقت متی .سفنلاب تابصعلا
  .ةوقلا مث ةجردلا
  .ةمومعلا ةھج نم امھلاك
 قیقشلا معلا نبا نبا ،بلأ بلأا معو قیقش مع نبا نبا نیب
 عورف نم وھ قیقشلا معلا نبا نبا .ةوقلاو ةجردلا يف برقأ
 تیملا بأ مامعأ نم وھ بلأ بلأا مع امنیب ،تیملا مامعأ
 عورفف ،مدقی تیملا ةھج نم برقلأا .)دجلا مامعأ يأ(
  .بلأا مامعأ ىلع نومدقم تیملا مامعأ
  .قیقش مع نبا نباب بلأ بلأا مع بجحی ،كلذل
 باحصأ دعب ةكرتلا يقاب )3( قیقش مع نبا نبا ذخأی
  .ضورفلا
  :باسحلا
 رغصلأا كرتشملا فعاضملا( 12 نم ةلأسملا لصأ
  .)6 و 4 تاماقملل
  .مھسأ 3 = 4 ÷ 12 :ةجوزلا بیصن
  .نیمھس 2 = 6 ÷ 12 :ملأا مأ مأ بیصن
  .مھسأ 5 = 2 + 3 :ضورفلا باحصأ مھسأ عومجم
 7 = 5 - 12 :))3( قیقش مع نبا نبا( ةبصعلل يقابلا
  .مھسأ

 اھلھأب ضئارفلا اوقحلأ" :صلى الله عليه وسلم ھلوق وھ تابصعلل ماعلا لیلدلا
 .)ملسمو يراخبلا حیحص( "ركذ لجر ىلولأ وھف يقب امف
  .قیقش مع نبا نبا وھ ركذ لجر ىلوأ انھو

 Fanar  

 ،ةوقلاب مث ةجردلاب مث ،ةھجلاب لاوأ نوكی تابصعلا بیترت :لیلعتلا
 بأو بلأا( لوصلأا ىلع روكذلا ءانبلأا مدقی ةھجلا ثیح نمف
 لزن نم ىلع لاع نم مدقی ةجردلا ثیح نمو ،)لاع نإو بلأا
 ةوقلا ثیح نمو ،بلأا بأ ىلع بلأاو نبلإا نبا ىلع نبلإا مدقیف
 خلأا مدقیف طقف بأب ناك نم ىلع نیوبأب ھتبارق تناك نم مدقی
 ،بلأ خلأا نبا ىلع قیقشلا خلأا نبا مدقیو بلأ يذلا ىلع قیقشلا
 ضئارفلا اوقحلا( صلى الله عليه وسلم ھلوقل ،ھنم برقأ عم بیصعتب دعبأ ثری لاف
 نبا وھ ركذ لجر ىلوأ انھو .)ركذ لجر ىلولأف يقب امف اھلھأب
 . ةكرتلا يقاب ھبیصن نوكی اذل ،قیقش مع نبا

This example demonstrates a basic question, but 
its prompt has some issues. The evidence referred 
to by each choice is identical for all of them. This  

4 Conclusion and Future Work 

Our experiments with finetuning have revealed 
some important points: 1) the classifications of 
questions into two or three categories 
(intermediate, advanced) have not shown 
noticeable impact on the results, 2) the uncleanses 
of the training or the validation dataset has some 
impact on the results, 3) LLMs with no reasoning 
capabilities (mostly the open source LLMs) 
struggle to solve  complex reasoning problems, 4) 
MCQ is not the optimal option to train, validate 
especially when representing an ‘evidence’ with 
the ‘choice’, and this evidence is shared among 
other choices. 
 
However, our initial experiments (ongoing work) 
with CoT have shown some promising results. We 
plan to combine CoT with RL. We intend 
classifying the questions (datasets) into two 
clusters: logical thinking problems and 
mathematical calculations problems.   
 
We also believe a hybrid approach, agentic AI or 
neuro-symbolic systems, which can reason step by 
step, in algorithmic manner, that adhere exactly and 
precisely to legal rules and adapt to complex 
inheritance cases will enhance the performance.  
 
Finally, when dealing with legal and/or religious 
domain such as the Islamic inheritance the LLMs 
responses should be verified by a legal lawyer or in 
a court. 

 

938



 
 

 

 

 

References  
Abdessalam Bouchekif, Samer Rashwani, Heba Sbahi, 

Shahd Gaben, Mutaz Al-Khatib, and Mohammed 
Ghaly. 2025. Assessing Large Language Models on 
Islamic Legal Reasoning: Evidence from 
Inheritance Law Evaluation, Proceedings of The 
Third Arabic Natural Language Processing 
Conference, Suzhou, China. Association for 
Computational Linguistics. 

Abdessalam Bouchekif and Samer Rashwani and 
Emad Mohamed and Mutaz Al-Khatib and Heba 
Sbahi and Shahd Gaben and Wajdi Zaghouani and 
Aiman Erbad and Mohammed Ghaly. 2025. QIAS 
2025: Overview of the Shared Task on Islamic 
Inheritance Reasoning and Knowledge Assessment. 
Proceedings of The Third Arabic Natural Language 
Processing Conference, ArabicNLP 2025, Suzhou, 
China, November 5--9, 2025. Association for 
Computational Linguistics. 

Jonas Gehring, Kunhao Zheng, Jade Copet, Vegard 
Mella, Taco Cohen, and Gabriel Syn-naeve. 2024. 
Rlef: Grounding code llms in execution feedback 
with reinforcement learning. arXiv preprint 
arXiv:2410.02089. 

 
Liangchen Luo, Yinxiao Liu, Rosanne Liu, Samrat 

Phatale, Harsh Lara, Yunxuan Li, Lei Shu, Yun 
Zhu, Lei Meng, Jiao Sun, et al. 2024. Improve 
mathematical reasoning in language models by 
automated process supervision. arXiv preprint 
arXiv:2406.06592. 

 
Sebastian Raschka. 2025. Understanding Reasoning 

LLMs. Ahead AI. 
https://magazine.sebastianraschka.com/p/understa
nding-reasoning-llms 

Chuanneng Sun, Songjun Huang, and Dario Pompili. 
2024. Retrieval-augmented hierarchical in-context 
reinforcement learning and hindsight modular 
reflections for task planning with llms.2024. 
OpenAI. 2024. Learning to reason with llms. 

 
Taylor Webb, Keith J Holyoak, and Hongjing Lu. 

2023. Emergent analogical reasoning in large 
language models. Nature Human Behaviour, 
7(9):1526–1541.  

 
Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten 

Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, 
et al. 2022. Chain-of-thought prompting elicits 
reasoning in large language models. Advances in 
neural information processing systems, 35:24824–
24837. 

 
Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran, 

Tom Griffiths, Yuan Cao, and Karthik 

Narasimhan. 2024. Tree of thoughts: Deliberate 
problem solving with large language models. Ad-
vances in Neural Information Processing Systems, 
36. 
 

Osama Zaki. 2024. Coupling Machine Learning with 
Ontology for Robotics Applications. Robotics. 
arXiv:2407.02500. 

Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang, 
Xiaolei Wang, Yupeng Hou, Yingqian Min, 
Beichen Zhang, Junjie Zhang, Zican Dong, et al. 
2023. A survey of large language models. arXiv 
preprint arXiv:2303.18223. 

939

https://magazine.sebastianraschka.com/p/understanding-reasoning-llms
https://magazine.sebastianraschka.com/p/understanding-reasoning-llms

