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Abstract 

This work evaluates the effectiveness of several model compression and optimization 

techniques on large language models, namely quantization, pruning, and knowledge distillation, 

with a focus on Arabic natural language performance and browser deployment. The primary 

methods investigated are 8-bit and 4-bit quantization with several methods such as GPTQ, 

LLM.int8(), and QLoRA’s NormalFloat4, SparseGPT and Wanda for pruning, and a 

knowledge distillation pipeline based on a Qwen2.5-32B-Instruct teacher model and a 

Qwen2.5-7B-Instruct student model. The proposed SelecTKD method filters low-confidence 

teacher tokens during token-level distillation to improve bilingual Arabic-English balance. The 

study also includes staged fine-tuning to adapt the model to Arabic, GCC, and Bahraini contexts 

using a broad-to-specific curriculum while preserving bilingual performance. The report 

concludes with a comprehensive comparative analysis between the tested compression 

methods, comparing their compression and accuracy tradeoff and discussing their practical 

effectiveness for limited-resource deployment. 
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لْم  وَتوَْف يق ه   ون عْمَة  ة،  عَ الواس   ته  حمَ م ورَ ائ  الدَ  يره  يس  وتَ   ه  اف  ألطَ  سن  وحُ  ه  م  عَ ن   غ  ساب  عَلَى شْكُرُهُ نحمدُ اللهَ سُبْحَانَهُ وَتعََالَى، وَ ن الْع 

د . إ نَّهُ هوَُ الْمُوَف  قُ وَالْمُسَد   .وَبَرَكَات ه  ف ي إ تمَْام  هَذاَ الْبَحْث   

يلَ ل لْدَّكْتوُر   ناشُكْر   ب  رُ عَنْ خَال ص  نعَ  ي إبراهيم صباح  عبد الله\الْجَز  كَانَ مَعنََا ف ي كُل   لَحْظَةٍ، وَدعَْمَنَا ب كُل   مَا اسْتطََاعَ،  الَّذ 

. إ نَّ دمَْ  ي   الْكَب ير  لْم  نْجَاز  الْع  ي   ف ي هَذاَ الْبَحْث  جَ وَحَرَصَ عَلَى هَذاَ الْْ  نَاع  يَّة  الْبَحْرَيْن يَّة  مَعَ الذَّكَاء  الْْصْط  يَّت نَا الْعَرَب يَّة  الْخَل يج    هوُ 

ه  وَحَث  ه   نَ الله ، وَلَمْ يكَُنْ ل يَحْققُْ ب دوُن  إ رْشَاد  يلٌ وَتوَْف يقٌ م  .أمَْرٌ جَم   

قَائ   ناشْكُرُ أهَْلنكَمَا  يعَ ناوَأصَْد  .  ةذَ سات  الَ ، وَجَم  يًّا وَقَلْب يًّا ف ي تحَْق يق  هَذاَ الْعمََل  يًّا وَرُوح  ف ينَ، وَكُلَّ مَنْ سَاهَمَ مَعنََا نَفْس  وَالْمُشْر 

منجَزَاهُمُ اللهُ خَيْرًا وَ  يزَان  حَسَنَات ه  .سْألَهُُ أنَْ يَجْعَلَهُ ف ي م    

د  ن يرُ أنََّ هَذاَ الْمَشْرُوعَ تمََّ ب فَضْل  مَوَار  ير   نافشَُكْر   ينحرَ البَ  ة  عَ ام  جَ ن ب  الكائ  ر الحوسبة والذكاء الْصطناعي مختبش  ل كُل    ناوَتقَْد 

هَا.   مَنْ كَانَ لَهُ دوَْرٌ ف ي توَْف ير 

ينَ  َّ  رَب   الْعَالمَ  رُ دعَْوَاهُمْ أنَ  الْحَمْدُ لِلّ  .وَآخ   
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Chapter 1 

Introduction 

Inspiration  

Large language models have fundamentally altered how machines process, understand, and 

generate text. Their growing scale, reach, and application especially in Arabic come with 

significant computational costs and nuanced linguistic challenges. Moreover, the Arabic 

language stands out with its remarkable richness, complex grammatical system, and profound 

linguistic sciences including derivation, metrics, prosody, and morphology.  The significance 

of Arabic is further elevated by its status as the language of the Qur’an. As noted in the Qur’an: 

“Indeed, we have sent it down as an Arabic Qur’an so that you may understand” (Qur’an 

12:2, Yusuf). [ |    12:2يوسف  This divine selection underscores the .[ إنَِّا أنَزَلْناَهُ قرُْآنًا عَرَبيًِّا لَّعَلَّكُمْ تعَْقِلوُنَ  

language’s historical and cultural prominence. Beyond its religious significance, Arabic has 

served as a vessel for codifying diverse sciences ranging from poetics and linguistics to 

jurisprudence (Fiqh فقه) and phonology, making it unique among global languages. Such depth 

and diversity present both inspiring opportunities and formidable challenges in designing and 

optimizing NLP systems tailored to Arabic, especially when aiming to preserve linguistic 

nuance and achieve state of the art performance. 

1.1 Problem Statement 

This report investigates the problem of Large Language Model (LLM) optimization for Arabic 

language processing in three critical aspects: accuracy impact, computational efficiency, and 

deployment feasibility. 

1.1.1 Accuracy Impact 

Accuracy, in the context of language models, refers to a measurement of a model’s alignment 

with expected output, typically based on ground truth or human judgement (Hu and Zhou, 

2024). Arabic LLMs possess unique linguistic and cultural complexities that are prone to 

degradation in performance in the event of model compression or optimization. Reducing the 

model size considerably while retaining at least 85% accuracy on Arabic NLP tasks like 

punctuation prediction, grammatical error correction, and culturally nuanced comprehension 
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remains an open issue. Existing multilingual models are noted to have unbalanced performance 

between high-resource languages like English and lower-resource languages like Arabic  in 

dealing with different linguistic measurements and culturally nuanced contexts, which this 

project aims to address. 

1.1.2 Computational Efficiency 

The memory and computational demands of high-performing LLMs render them unsuitable to 

use effectively, particularly in offline and web settings. Techniques for optimization such as 

quantization, pruning, distillation, and recent techniques such as QLoRA and Flash Attention 

offer potential reduction in resources but need to be gauged specifically on Arabic and 

multilingual models in terms of effectiveness and trade-offs. 

1.1.3 Deployment Feasibility 

Implementing optimized Arabic and multilingual LLMs entirely offline on browser-compatible 

frameworks (such as TensorFlow.js and ONNX.js) imposes limitations on model size, latency, 

and compatibility. Achieving fast inference speed in offline web settings while preserving 

satisfactory accuracy in these settings presents considerable engineering and research obstacles 

that have yet to be adequately addressed for Arabic and multilingual LLMs. 

1.2 Project Objectives 

• Investigate various LLM optimization techniques including quantization, pruning, 

distillation, and recent innovations such as QLoRA and Flash Attention to enhance model 

computational efficiency. 

• Select and adapt a leading open-source Arabic LLM (e.g., Jais, ALLaM, Fanar) for 

deployment within web browsers. 

• Achieve at least a 50% reduction in model size while maintaining no less than 85% of the 

original accuracy on fundamental Arabic NLP tasks. 

• Enable full offline operation by deploying the optimized model using browser-compatible 

frameworks such as TensorFlow.js or ONNX.js. 

• Perform a comparative analysis of performance metrics, including model size, inference 

speed, and task accuracy, before and after applying optimization techniques. 

1.3 Significance of the project 

Arabic LLMs are useful for performing NLP tasks targeted at Arabic-speaking users, but 

significant computational demands limit low-resource local deployment. By methodically 

comparing the impact of various model compression techniques on computational demands and 



   

 

 3 

task accuracy, this project can be used as a guide for reducing model sizes. Additionally, 

browser deployment addresses the challenge of device-specific deployment due to largely being 

device-agnostic (with the exception of requiring WebGPU support in the browser). Generally, 

such offline, low-resource setups are desired by companies and individuals seeking a level of 

information privacy and confidentiality that is not offered by third-party LLM providers. 

1.4 Research Methodology 

This study was conducted on four main steps. First, relevant literature was collected and 

reviewed. Second, a set of model compression techniques were applied on several chosen 

models. Third, the models were tested against a set of benchmarks including model size and 

tasks accuracy. Finally, a comparative analysis of the results was conducted. 

1.5 Scope and limitations 

The scope of this research project encompasses multilingual large language models based on 

the Transformers (Vaswani et al., 2017) architecture, with evaluation focusing on Arabic and 

English language tasks. The hardware resources available limits the choice models’ to ones that 

can run on two A100 GPU with 40 GB of VRAM each, limiting the experiments to models not 

exceeding the size of around 32B parameters. 

1.6 Report Outline 

The outline of this report is as follows: 

Chapter 2 presents a comprehensive review of the literature on all the different aspects of this 

research project: An overview of large language models, the unique nature of the Arabic 

language in the context of language modeling, the available Arabic-centered and multilingual 

LLMs, browser deployment, compression techniques, and evaluation metrics. 

Chapter 3 describes the research methodology to be followed during every step of the project, 

including the used frameworks and libraries, in order to ensure reproducibility. 

Chapter 4 goes through the results obtained from the conducted model compression and 

optimization experiments. The results obtained are discussed through their compression to 

accuracy tradeoff and relative to each other. 

Chapter 5 concludes this report by summarizing the key results and highlighting the degree to 

which the research objectives were achieved. Future work and areas of potential research 

interest related to the topic of this report are also mentioned. 

Appendix A contains additional results that are not shown in chapter 4. 



   

 

 4 

Chapter 2 

Literature Review 

2.1 Introduction to Large language models 

Large Language Models (LLMs) represent a breakthrough in Artificial Intelligence (AI) due to 

their outstanding performance over a wide array of natural language tasks. These models, 

through learning from massive amounts of text from the internet, are capable of understanding, 

generating, and responding to natural language through predicting the next sequence of words 

to very high levels of accuracy. 

The evolution of language models has occurred through several phases. Beginning in the 1980s, 

Arabic Natural Language Processing (NLP) employed rule-based systems such as 

morphological analyzers that focused on computational instruments by extracting roots and 

addressing several tasks. Although rule-based systems handled some linguistic complexities, it 

struggled with scalability and ambiguity (Farghaly and Shaalan, 2009). 

In the early 2000s, as shown in Figure 1, statistical language models (SLMs) were based on n-

grams and stemming techniques, which focused on estimating, predicating the probability of 

text and machine translation. Although these models improved upon rule-based methods, it 

faced huge limitations on data availability, especially across Arabic dialects and linguistics 

complexities (Al-Khalifa et al., 2025). 

A significant shift occurred around 2010, with the early Neural Language Models (NLMs) 

dealing with data by mapping words, and employing the Recurrent Neural Networks (RNNs) 

(Mikolov et al., 2010) with the latest techniques like Long Short-Term Memory (LSTM) and 

Convolutional Neural Networks (CNNs)  reaching  to pre-trained language models (PLMs). 

These developments increased accuracy in NLP tasks such as sentiment analysis, dialect 

identification, and machine translation. Despite these advances, persistent issues kept the 

necessity for more developed and scalable models. 

This development led to emergence of PLMs such as word2Vec and Glove. These models 

enabled transfer learning, where it was pre-trained on large-scale data and then finetuned for 

specific tasks, achieving higher accuracy on these tasks than previous models. 
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Figure 1: Evolution of Arabic Language Models since the 2000s and until 2024 (Al-Khalifa et al., 2025). 

A revolutionary leap came with the Transformer architecture (Vaswani et al., 2017) with its 

robust framework for understanding and complex tasking, giving rise to models like BERT, 

and early transformer-based Arabic models such as AraBERT and QARIB, capable of 

leveraging large-scale transfer learning and handling intricate linguistic features unique to 

Arabic. 

Despite being a relatively new technology and field of research, the rapid advancements in 

LLMs have led to their widespread across many applications which involves the generation of 

models for numerous languages and dialects. The fifth most spoken language in the world, 

Arabic, presents specific obstacles and possibilities for natural language processing (NLP). 

2.2 Arabic NLP and Challenges of Arabic LLMs 

The development of Arabic-centered LLMs and the performance of multilingual models in 

Arabic NLP tasks is limited by several factors and challenges. Most literature on Arabic 

language models includes a section on these challenges, and this section provides a summary 

of these challenges and limitations that affect the development of Arabic LLMs. The challenges 

include dialectal variety, complex morphology, Arabic web content, and the availability and 

quality of Arabic datasets. 

2.2.1 Dialectal Variety 

The Arabic language is spoken by around 422 million people globally, making it one of the top 

five most spoken languages in the world. Arabic comes in multiple forms, mainly standard 
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Arabic and dialectal Arabic, with over 30 dialects. This variety in dialects includes differences 

in vocabulary, grammar, and morphology, which poses a serious challenge for Arabic NLP. 

2.2.2 Complex Morphology 

The Arabic language has a rich and unique morphology that differs greatly from languages like 

English. In essence, Arabic consists of roots جذور that commonly consist of 3 constants (though 

sometimes 4 or 5). These roots are morphed using patterns or templates أوزان which generates 

most words in Arabic by substituting the root constants into the pattern. This uniqueness in 

morphology causes common tokenizers used in state-of-the-art language models to perform 

poorly on Arabic input (Asgari et al., 2025). 

2.2.3 Arabic Web Content 

One of the main limitations is the availability of Arabic data. LLMs are trained on internet-

scale data; however Arabic web content accounts for only about 0.5% of the entire internet 

(W3Techs, 2025). 

2.2.4 Availability and Quality of Arabic Datasets 

The limited availability and quality of clean Arabic datasets are contributing factors to the low 

performance of LLMs in Arabic NLP tasks, and in the scope of benchmarking it poses a critical 

issue in the accuracy of Arabic LLMs evaluations (Al-Khalifa et al., 2025). Arabic data 

resources are often fragmented, inconsistently annotated, and unevenly distributed between 

Modern Standard Arabic (MSA) and dialectal verities, making task-specific training and 

accurate task performance evaluations difficult. Moreover, dialectal datasets suffer from a lack 

of availability and lower quality compared to MSA datasets, such as GCC datasets, or even 

more specifically Bahraini dialects dataset, where publicly available dataset is still scarce. 

There have been some efforts to address this issue, such as the development of the ORCA 

(Elmadany et al., 2022) benchmark, which covers multiple Arabic varieties and Arabic NLU 

tasks across 60 datasets. In addition, Masader (Alyafeai et al., 2021) was developed as a 

publicly for improving discoverability and documentation of Arabic text and speech resources. 

For dialect-specific work, the problem is even more severe. For instance, smaller dialect groups 

like the Bahraini dialect have received limited attention in comparison with larger dialect 

groups. However, there have been recent efforts that made important progress in collecting and 

releasing new data resources, including the large and culturally rich Bahrain corpus 

(Abdulrahim et al., 2022), recent Bahraini speech dataset (Barakat, 2026),  and sentiment 
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datasets (Omran et al., 2023). Despite that availability is rising, the overall evidence still 

suggests that Arabic LLM performance is constrained not only by model design, but also by 

the limited scale, coverage, and cleanliness of the available datasets. 

2.3 Existing Arabic and Multilingual LLMs 

This section explores the available options for open-source Arabic and multilingual large 

language models. Table 1 provides a summary of the models discussed. 

2.3.1 Fanar 

Fanar (Fanar Team et al., 2025) is an Arabic-centric multimodal generative AI platform that 

supports language, speech, and image generation tasks. Two Arabic LLMs were developed for 

the platform: Fanar Star (7B) and Fanar Prime (9B). Fanar Star was trained from scratch on 1 

trillion Arabic, English, and Code tokens. Fanar Prime was trained on the Gemma-2 9B base 

model on the same 1T tokens. Currently, the QCRI/Fanar-1-9B-Instruct model is available 

for use on Hugging Face1. The Open Arabic LLM Leaderboard (OALL) reports the model to 

have an average score of 70.83 across 7 benchmarks (El Filali et al., 2025). 

2.3.2 ALLaM 

ALLaM (Bari et al., 2024) is a family of large language models specially trained in Arabic, of 

which humain-ai/ALLaM-7B-Instruct-preview is available for use on Hugging Face2. The 

model is trained from scratch on 4T English tokens followed by 1.2T mixed Arabic/English 

tokens. The model’s evaluation average score is 65.25 on OALL (El Filali et al., 2025). 

2.3.3 AceGPT 

AceGPT (Huang et al., 2023) is a family of models based on Llama2 and fine-tuned for the 

Arabic language. The models’ sizes are 8B, 32B, and 70B, and are available for use on Hugging 

Face3. The evaluation average scores of the models are as follows: 62.35 for AceGPT-v2-8B-

Chat, 70.88 for AceGPT-v2-32B-Chat, and 70.07 for AceGPT-v2-70B-Chat on OALL (El 

Filali et al., 2025). 

 
1 https://hf.co/collections/QCRI/fanar 
2 https://hf.co/humain-ai/ALLaM-7B-Instruct-preview 
3 https://hf.co/collections/FreedomIntelligence/acegpt-v2 

https://huggingface.co/collections/QCRI/fanar
https://hf.co/humain-ai/ALLaM-7B-Instruct-preview
https://hf.co/collections/FreedomIntelligence/acegpt-v2
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2.3.4 ArabianGPT 

ArabianGPT (Koubaa et al., 2024) is a series of large language models designed for Arabic. 

Several model sizes are available on Hugging Face4: 0.1B, 0.3B, 0.8B, and 1.5B parameter 

models. Unfortunately, the models are not submitted on OALL, but the paper reports the 

evaluation’s average score to be 31.9 for the 0.1B model, and 32.7 for the 0.3B model. 

2.3.5 Gemma 3 

Gemma 3 (Gemma Team et al., 2025) is the latest version of the Gemma family; a family of 

small, open-weight, multimodal models developed by Google DeepMind with pre-trained and 

instruction-tuned variants. It supports a 128K tokens context window, over 140 languages, and 

is available in multiple parameter sizes: 270M, 1B, 4B, 12B, and 27B. The google/gemma-3-

27b-it model is evaluated on OALL with an average score of 71.4 (El Filali et al., 2025). 

2.3.6 Qwen3 

Qwen3 (Yang et al., 2025) is a series of LLMs and is the latest version of the Qwen family, 

with parameter sizes ranging from 0.6B to 235B. It follows a dense and Mixture-of-Experts 

(MoE) architecture, and combines thinking-mode and non-thinking mode into a single 

framework, eliminating the need for switching between a dedicated reasoning model and a chat-

optimized model. Qwen3 also expands on multilingual capabilities, increasing the supported 

languages to 119 from the previous 23 languages in its predecessor Qwen2.5. 

Table 1: Summary of the reviewed models. 

Model  Parameter Size OALL Score 

Fanar 9B 70.83 

ALLaM 7B 65.25 

AceGPT 8B 

32B 

70B 

62.35 

70.88 

70.07 

ArabianGPT 0.1B 

0.3B 

0.8B, 1.5B 

31.9 

32.7 

- 

Gemma 3 270M – 27B 71.4 (27B) 

Qwen2.5-3.0 0.6B – 235B - 

  

 
4 https://hf.co/collections/riotu-lab/arabianllm-series-native-arabic-large-language-models-

66cc491302db9143d09c1a5a 

https://hf.co/collections/riotu-lab/arabianllm-series-native-arabic-large-language-models-66cc491302db9143d09c1a5a
https://hf.co/collections/riotu-lab/arabianllm-series-native-arabic-large-language-models-66cc491302db9143d09c1a5a
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2.4 Model Compression and Optimization 

Model compression comprises of many machine learning techniques that aim to reduce the size 

of large models with minimal performance degradation. 

2.4.1 Pruning 

Pruning (both structured and unstructured) is a compression method that reduces the effective 

model parameters by removing or setting the less important weights or layers to zero based on 

some pruning criteria or through learning-based approaches. Pruning methods are generally 

classified into unstructured, semi-structured, and structured. 

Research on neural network pruning can be traced back to the Optimal Brain Damage (LeCun 

et al., 1989) method, which layered the foundation for later works such as the Optimal Brain 

Surgeon (Hassibi and Stork, 1992) method. Since then, pruning as a compression technique for 

early neural networks has been heavily investigated, proving to be an effective method for 

significantly reducing model sizes while retaining high accuracy. 

While pruning can significantly degrade accuracy, strategies such as iterative pruning, layer 

merging, and fine-tuning with self-distillation were shown to aid with performance recovery. 

The literature shows pruning is often most effective when combined with other compression 

techniques, such as knowledge distillation and quantization for balanced compression. 

2.4.2 Knowledge Distillation  

Knowledge distillation is a method compression technique where a smaller student model is 

trained to mimic the behavior of the larger teacher model.  

The concept of “Model compression.” was introduced first by Rich Caruana et al. (2006), 

Which utilized supervised learning and state-of-art classification, where a large ensemble 

model compromised hundreds of classifiers to label a dataset, to be trained by single neural 

network. Compressing the large complex ensembles into smaller faster models. 

Then formalized by Hinton et al. (2015), where they named the term of “distillation”. This term 

refers to the process of transferring knowledge from large complex model to smaller more 

efficient model, by matching the teacher’s soft probabilities using temperature parameter in the 

SoftMax function to reveal richer inter-class relationships, to enable student to learn the 

structural similarities which they called “dark knowledge”. 

Knowledge distillation is presented in the edge of Large language models as pivotal methodology for 

transferring advanced capabilities from leading LLMs, often boosting or maintaining accuracy 

despite reductions in size. Research highlights various distillation techniques including self-

distillation, task-specific optimizations, and integration with other compressions like 
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quantization and pruning. It shows promise in mitigating the accuracy drop caused by other 

compression methods and enhancing generalization (d’Aloisio et al., 2024; Movva et al., 2022; 

Xu et al., 2024; Tina et al., 2025). 

2.4.3 Quantization 

Quantization is extensively studied as a key method to reduce model size and accelerate 

inference in LLMs, with approaches ranging from post-training quantization (PTQ) to 

quantization-aware training (QAT). Studies demonstrate that lower-bit quantization (e.g., 4-bit 

or below) challenges accuracy retention, but methods like mixed-precision quantization and 

low-rank adaptations effectively mitigate these losses. Quantization also enables hardware-

friendly deployments on edge and mobile devices, balancing performance and resource 

constraints (Donisch et al., 2024; Saxena et al., 2024; Chen et al., 2024; Bondarenko et al., 

2024; Liu et al., 2024). 

2.5 Evaluation Metrics 

There are multiple ways to evaluate the performance of an LLM for a specific task. Generally, 

LLM task evaluation can be grouped into benchmark-based evaluation and judgement-based 

evaluation, as shown in Figure 2.  

 

Figure 2: Overview of LLM evaluation methods. 

2.5.1 Evaluation Frameworks 

A number of general evaluation frameworks for LLMs exist, some of which are Confident AI’s 

deepeval (Ip and Vongthongsri, 2026) which focuses on LLM-as-judge evaluations and also 

includes popular benchmark evaluation metrics, EleutherAI’s evaluation harness (Sutawika et 

al., 2024) which is mostly benchmark-focused and includes a large number and variety of tasks 

in multiple languages including Arabic, while also being highly customizable with the support 

of custom tasks, and Hugging Face’s lighteval (Habib et al., 2023) which currently supports 

benchmark-based evaluations only but with over 1000+ supported tasks. 
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2.6 Comparative Analysis 

Comparative analyses from previous studies show that quantization and knowledge distillation 

generally outperform pruning in balancing accuracy and compression, with synergistic 

combinations yielding super- multiplicative benefits (Movva et al., 2022). Benchmarks like 

LLMCBench (Yang et al., 2024) provide valuable insights into compression method 

performance across various LLMs and tasks, facilitating informed method selection. Studies 

also highlight that larger models tend to better tolerate higher quantization ratios, suggesting 

that scaling laws also inform selection of compression strategies (Cao et al., 2025). 

2.6.1 Combined Compression Strategies and Synergistic Effects 

Multiple studies examine the joint application of quantization, pruning, and knowledge 

distillation, revealing super- multiplicative compression gains and improved trade-offs between 

model size and accuracy (Movva et al., 2022). Combined compression methods such as 

quantization with distillation (Polino et al., 2018) or pruning combined with quantization (Ma 

et al., 2023) demonstrate that integrated approaches may outperform individual techniques in 

terms of increased inference speed, decreased memory requirements, and retained accuracy. 

However, certain combinations may induce accuracy degradation, underscoring the need for 

careful method selection. 
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Chapter 3 

Methodology 

This section presents all aspects regarding the methodology of this research: The chosen 

models, model compression and optimization techniques, and model evaluation metrics. 

3.1 The Chosen Models 

In Table 2, the list of models chosen to perform the subsequent experiments on is shown. The 

models were chosen to cover a variety of architectures and sizes to generate a wider array of 

results and yield a more accurate analysis that differentiates between model-specific 

phenomena and structural effects. For models with pretrained and instruction-tuned variants 

such as Gemma and Llama, the instruction-tuned variant is used. In cases where the models are 

configured prior to experimentation, the applied configurations are mentioned. 

Table 2: The models chosen for compression experiments. 

Model Arch. Layers Parameters Configuration 

ALLaM Dense 32 7B Base 

Qwen3 Dense 36 8.2B Base 

Llama-3.1 Dense 32 8B Base 

Gemma 3 Dense 48 12B Base 

Qwen 2.5-Instruct Dense 64 32B 
NF4 quantization 

(BitsAndBytes, inference only) 

Qwen2.5-Instruct+LoRA Dense 32 
5M (Trainable) 

7.6B Total 
r=16, α=32, q_proj + v_proj 

3.2 Experimental Framework 

A command-line experimental framework called llmini5 was developed to facilitate the 

conduct of the compression experiments. The application takes a Hugging Face model identifier 

or the path to a local model as a required first argument and loads it using the transformers  

(Wolf et al., 2020) library. It also requires taking at least one flag that applies a compression 

method (e.g. –prune, --quant), and this compression method flag in turn takes as argument 

the specific compression algorithm from a set of defined options. Optionally, one can supply a 

configuration flag with a relevant list of comma-separated configurations, otherwise the default 

options apply. An overview of the application is illustrated in Figure 3. 

 
5 Code available at: https://github.com/S-Y-A-N/ar-llm-browser 

https://github.com/S-Y-A-N/ar-llm-browser
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The diagram shown in Figure 3 follows the flow of the program at command execution with 

the shaded arrow, and the dependencies are denoted by the hollow arrow, and as of writing the 

llmini framework only supports model quantization and pruning. Knowledge distillation 

experiments followed a separate experimental framework, illustrated in Figure 4, and fine-

tuning experiments followed the framework shown in Figure 5. 

 

Figure 4: Knowledge distillation experimental framework. 

 

Figure 3: Overview of the experimental framework (llmini) 
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Figure 5: Fine-tuning experimental framework. 

3.3 Model Compression and Optimization Techniques 

3.3.1 Quantization 

There are two main categories of quantization that are based on two different approaches: 

Quantization-Aware Training (QAT), and Post-Training Quantization (PTQ). Differentiating 

between the two is concerned with the need for retraining. 

3.3.1.1 Post-Training Quantization (PTQ) 

The mechanics of this method involve converting the pre-trained model from floating point 

format to the quantized format without needing retraining (Franter et al., 2023). Such method 

allows for more computational efficiency and a minimal calibration dataset for estimation of 

activation ranges (Xiao et al., 2023). Tackling the minimization of quantization errors is the 

main challenge of PTQ, and such is done by selecting clipping thresholds [𝑥𝑚𝑖𝑛, 𝑥𝑚𝑎𝑥]. 

Common objectives include the Kullback-Leibler (KL) or the minimization of Mean Squared 

Error (MSE) to preserve the information content of the layer’s output (Nagel et al. 2020). 

Generative Post-Training Quantization (GPTQ)  

GPTQ is a one-shot PTQ method which utilizes second-order information (especially the 

Hessian matrix) for minimization of the layer-wise reconstruction error (Franter et al., 2023). 

min
𝑤̂

(𝑤 − 𝑤̂)𝑇 𝐻(𝑤 − 𝑤̂) 

Such that 𝐻 = 𝔼 is the Hessian matrix of the layer’s inputs 𝑋 (Franter et al., 2023). Negligible 

performance degradation can be acquired by GPTQ due to usage of Cholesky decomposition 

of the inverse Hessian to precompute update steps, thus quantizing massive models like OPT 

(175B) (Franter et al., 2023).  

LLM.int8(): Outlier-Aware Mixed-Precision Decomposition 
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LLM.int8() identifies the “salient” feature dimensions (approx. 0.1% of all features) which then 

address outliers due to the exceedance of a fixed threshold (Dettmers et al. 2022). Mentioned 

“outliers” are then computed in high-precision 𝐹𝑃16, unlike the remaining 99.9% which are 

turned into 𝐼𝑁𝑇8 (Dettmers et al., 2022). Full performance for models up to 175B parameters 

is maintained by this mixed-precision approach while including the reduction to the memory 

requirements by 50% (Dettmers et al., 2022) 

SmoothQuant 

SmoothQuant is PTQ training-free solution which migrates the quantization difficulty from 

activations to weights using a mathematically equivalent transformation that results in 

smoothing the activation outliers (Xiao et al., 2023). A new per-channel factor (𝑠𝑗) is introduced 

in SmoothQuant: 𝑌 = (𝑋 ⋅ 𝑆−1) ⋅ (𝑆 ⋅ 𝑊) , such that 𝑆 = diag(𝑠𝑗) is a diagonal scaling matrix. 

The Equation: 𝑠𝑗 = max(|𝑋𝑗|)
α

/ max(|𝑊𝑗|)
1−α

 is used for calculation towards the mentioned 

smoothing factor where α =  0.5 which balances the difficulty between activations and weights, 

allowing seamless 𝑊8𝐴8 8-bit weight and 8-bit activation quantization (Xiao et al., 2023).  

3.3.1.2 Quantization-Aware Training (QAT) 

QAT allows for model parameter rounding adaptation and clipping noise by integrating the 

quantization process directly into the training phase (Esser et al., 2020). Due to the non-

differentiable nature of rounding functions, QAT utilizes Straight-Through Estimator (STE) 

that treats the quantization function as the identity during backpropagation (Jacob et al., 2018). 

Learned Step Size Quantization (LSQ) improves on this further by making the step size 𝑠 a 

learnable parameter (Esser et al., 2020).  

QLoRA: 4-bit NormalFloat Fine-Tuning 

QLoRA quantizes the base model to 4-bit and uses Low-Rank Adapter (LoRA) for training, 

thus enabling efficient fine tuning (Dettmers et al., 2024). This method introduces the 4-bit 

NormalFloat (INF4) data type, that is optimized for the normally disturbed weights (Dettmers 

et al., 2024).  QLoRA, in addition, employs Double Quantization which quantizes the 

quantization scales themselves to further reduce memory overhead (Dettmers et al., 2024). 

Specialized Compression and Advanced Frameworks alongside best use cases include: 

1. W4A16 (4-bit weights, 16-bit activations): minimization of latency and memory 

bandwidth (Dettmers et al., 2024) 

2. W8A8 (8-bit weights, 8-bit activation): maximization of throughput in high-load server 

scenarios (Xiao et al., 2023) 
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3. AQLM (2-3 bit additive quantization): extreme compression for small memory devices 

(Egiazarian et al., 2024). 

OmniQuant 

OmniQuant uses block-wise error minimization to optimize the quantization parameters, in 

addition, it utilizes Learnable Weight Clipping (LWC) and Learnable Equivalent 

Transformation (LET) to make model more amenable to quantization without massive 

overhead of full QAT (Shao et al., 2024).  

Additive Quantization of Language Models (AQLM) 

AQLM represents groups of 8-16 weights as the sum of multiple vector codes from learned 

codebooks (Egiazarian et al. 2024). It is particularly effective for "extreme" compression (less 

than 3 bits per parameter), where it significantly outperforms standard scalar quantization 

methods like GPTQ (Egiazarian et al. 2024). 

Integer-Only Inference (I-BERT) 

For full hardware acceleration, models must transform non-linear operations into integer 

equivalent. I-BERT approximates transcendental functions like GELU and Softmax using 

quadratic polynomials (Kim et al. 2021). For example, the 𝑖-GELU approximation is defined 

as: 𝑖-GELU(𝑥) = sgn(𝑥) ⋅ (𝑎𝑥2 + 𝑏𝑥), where 𝑎 =  −0.2888 and 𝑏 =  −1.769 (Kim et al. 

2021). 

3.3.2 Pruning  

Two methods of pruning were considered due to their general applicability on a wide array of 

model architectures and sizes, as well as their efficiency and accuracy. The two methods are 

SparseGPT (Frantar and Alistarh, 2023) and Wanda (Sun et al., 2024), which both utilize 

similar methods in the pruning criterion and mask selection, with Wanda considered a 

simplified approach of SparseGPT. The following sections provide a theoretical background 

for each method, and the specific implementation used for the two algorithms is discussed to 

ensure reproducibility of the results obtained in this report. 

3.3.2.1 SparseGPT 

The first method, SparseGPT, is a post-training, layer-wise pruning algorithm that uses a 

sparsity mask 𝑀 to prune (zero-out) weights based on solving the weight reconstruction 

problem for every layer, then combining these layers together to obtain the compressed model. 

In this context, the mask 𝑀𝑖 decides which weights to keep in row 𝑖, rather than which weights 

to prune, thus the compression is defined as:  

𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠(𝑤(𝑗))
𝑖

= 0 𝑖𝑓 𝑗 ∉ 𝑀𝑖 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 𝑤𝑖𝑗 (1) 
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i.e., zero-out the weight if its column is not part of the mask, otherwise keep it.  

The weight reconstruction problem is concerned with minimizing the L2 loss between the output 

of an uncompressed model with weights Wℓ and that of the compressed one given an input Xℓ. 

The problem is formulated where for each layer ℓ, a sparsity mask Mℓ of a specified sparsity 

and possibly updated weight Ŵℓ must be found such that: 

𝑎𝑟𝑔𝑚𝑖𝑛𝑀ℓ,𝑊ℓ ̂ ‖𝑊𝑙𝑋𝑙 − (𝑀𝑙 ⊙ (𝑊𝑙)̂)𝑋𝑙‖2
 (2) 

This method requires no retraining and simply uses a small set of calibration data as input to 

perform the weight updates. The solver for this problem calculates the optimal weights for a 

fixed sparsity mask M using the following formula: 

𝑊𝑀𝑖
= (𝑋𝑀𝑖

𝑋𝑀𝑖

⊤ )
−1

𝑋𝑀𝑖
(𝑊𝑀𝑖

𝑋𝑀𝑖
)

⊤
 (3) 

where 𝑿𝑴𝒊
 represents  a subset of the input features whose corresponding weights, denoted 

𝑾𝑴𝒊
, have not been pruned in row 𝑖. 

However, this formula presents a computational problem because it requires inverting a Hessian 

matrix, denoted by 𝑯𝑴𝒊
= 𝑿𝑴𝒊

𝑿𝑴𝒊

⊤ . Calculating (𝑯𝑴𝒊
)

−𝟏
 scales cubically with the number of 

columns, taking 𝑶(𝒅𝒄𝒐𝒍
𝟑 ) time per row, for a total runtime of 𝑶(𝒅𝒓𝒐𝒘 ∙ 𝒅𝒄𝒐𝒍

𝟑 ) per layer. For 

Transformer models, the runtime is roughly equivalent to 𝑶(𝒅𝒉𝒊𝒅𝒅𝒆𝒏
𝟒 ) for every layer, scaling 

by the hidden layer’s dimension raised to the 4th power, which is computationally impractical 

and requires a time reduction of at least one factor for practicality. This problem stems from 

the fact that the Hessian computation is done for each row individually due to the row masks 

𝑴𝒊 being different and (𝑯𝑴𝒊
)

−𝟏
≠ (𝑯−𝟏)𝑴𝒊

, meaning that inverting a masked Hessian is not 

equivalent to masking an inverted Hessian. It is also worth noting that forcing the computation 

of a shared Hessian by restricting the row-masks to be the same would significantly impact the 

accuracy. 

The SparseGPT paper presents an algorithm that overcomes the computational problem of the 

Hessian matrix inversion, achieving the goal of a full factor speedup for a running time of 

𝑶(𝒅𝒉𝒊𝒅𝒅𝒆𝒏
𝟑 ), making it practical even for large Transformer models in the scale of hundred-

billion parameters. 

The key mechanism behind the weight reconstruction algorithm implemented by SparseGPT is 

to apply the Optimal Brain Surgeon (OBS) update (Hassibi et al., 1993) on only a subset 𝑈 ⊆

𝑀 of masked (unpruned) weights iteratively, which performs exactly optimal updates to the 

weights. The subsets 𝑈𝑗 are decided recursively via: 

𝑈𝑗+1 = 𝑈𝑗 − {𝑗} 𝑤𝑖𝑡ℎ 𝑈1 = {1, … , 𝑑𝑐𝑜𝑙} (4) 
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where each subset 𝑈𝑗+1 is created by removing the weight at the smallest index from the 

previous subset 𝑈𝑗. Thus, SparseGPT’s weight reconstruction algorithm works by iterating 

through these subsets 𝑈𝑗 and their corresponding inverse Hessians (𝐻𝑈𝑗
)

−1

 in order and 

pruning 𝑤𝑗 if 𝑗 ∉ 𝑀𝑖 for all rows 𝑖. Each inverse Hessian (𝐻𝑈𝑗
)

−1

 only needs to be computed 

and is then reused to remove weight 𝑗 in all rows where it is part of the pruning mask. This 

algorithm is one full factor more time efficient than simply inverting all the Hessians of 

Equation (3). 

The final piece of the puzzle is the mask selection process, which directly impacts which 

weights are to be pruned. The mask is selected adaptively during weight reconstruction using 

iterative blocking, so that rather than selecting the mask for all columns in one go, the mask is 

selected iteratively per block, where the block size 𝐵𝑠 represents the number of columns per 

block. This approach takes advantage of Hessian information and OBS weight updates to select 

the mask, thereby lowering the presence of uniformity in the mask, and thus preserving outlier 

features that are present in small amounts in large language models but with very large 

magnitudes (Dettmers et al., 2022a). 

The criterion for selecting the weights per individual column 𝑗 is magnitude since the diagonal 

inverse Hessian (𝐻−1)𝑗𝑗 is identical across the rows, and its formula is given by: 

𝑆𝑖𝑗 = [ 
|𝑊𝑖𝑗|

𝑑𝑖𝑎𝑔((𝑋𝑇𝑋 + 𝜆𝐼)−1)
 ]

𝑖𝑗

 (5) 

Where the absolute value of the weight is divided by the corresponding value in the diagonal 

of the Hessian inverse, and λ being the Hessian dampening factor6. 

3.3.2.2 Wanda 

The second method, Wanda (Sun et al., 2024), takes inspiration from SparseGPT (Frantar and 

Alistarh, 2023), but follows a simpler approach which further reduces the computational cost 

by one factor, down to 𝑶(𝒅𝒉𝒊𝒅𝒅𝒆𝒏
𝟐 ), while maintaining similar accuracy scores. One of the 

aspects that Wanda stands out in is that it does not perform any weight updates, and instead 

uses a small set of calibration data to calculate a simpler version of SparseGPT’s pruning 

metric, given by the formula: 

𝑆𝑖𝑗 = |𝑊𝑖𝑗| ∙ ‖𝑋𝑗‖
2

 (6) 

 
6 The purpose of it is to prevent the collapse of the Hessian inverse computation (Sun et al., 

2024). In the case of SparseGPT, it was shown to yield stable results for values of 0.001 to 0.1, 

and the value of 0.01 was chosen. 
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Where the absolute value of the weight is multiplied by the L2 norm of the corresponding input 

column to obtain the score of that weight. This metric is shown to greatly emphasize the 

importance of weight with low magnitudes if their corresponding features are of large 

magnitude. It is also very straightforward to compute compared to SparseGPT, and is also 

shown to be more robust when using lower calibrations samples (Sun et al., 2024). 

3.3.2.3 Implementation 

For SparseGPT and Wanda, the llm-compressor (Red Hat AI and vLLM Project, 2024) 

python library implementations were used for both methods at commit version #7182a55. The 

configurations of Wanda and SparseGPT’s parameters are kept the same for fair comparison 

and follow the original papers of both, with all the main pruning experiments following a mask 

selection block size of 128, which was shown to perform near-optimally while minimizing the 

pruning process’ memory requirements (Frantar and Alistarh, 2023). The calibration data used 

consists of 128 samples in segments of 2048-tokens, taken randomly from the first fragment of 

the C4 (Raffel et al., 2023) dataset. 

3.3.3 Knowledge Distillation  

In this part, we investigate whether Knowledge distillation preserves bilingual Arabic-English 

instructions-following capability when compressing Qwen2.5-32B-Instruct to Qwen-2.5-7B- 

Instruct+LoRA for Arabic browser deployment.  

This Knowledge distillation approach compresses a large teacher model into smaller student 

model by transferring soft probability distribution ‘dark knowledge’ rather than hard labels, 

preserving reasoning patterns and bilingual behavior (Hinton et al.,2015) Then extended KD to 

a sequence-level generation (Kim and Rush, 2016). This method is relevant with bilingual 

LLMs, where compression must balance the dialect capability with English reasoning (Abdul-

Mageed et al., 2021). 

To preserve the dialectal capability further, fine-tuning on specific GCC and Bahraini dataset 

have been used in section 3.3.4 Fine-tuning. 

3.3.3.1 Models and Training pipeline  

For efficient deployment, Qwen2.5-32B-Instruct (32 billion parameters), was quantized using  

4-bit Normal Float (NF4) quantization for inference-only use (Qwen Team, 2024; Dettmers 

et al., 2023). NF4 Quantization maps continuous weight 𝑤 to a lower-precision representation: 

𝑞 = 𝑟𝑜𝑢𝑛𝑑 (
𝑤 − 𝑧

𝛼
) , 𝒘̂ = 𝜶𝒒 + 𝒛  
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Where  𝜶 is a scaling factor, q is quantized value, and 𝒘̂ is the reconstructed approximation. 

This method reduces the memory requirements from 64GB to ~20GB, enabling large model 

inference under constrained resources (Dettmers et al., 2023, p. 5). 

 

While the student is Qwen-2.5-7B-Instruct with a total of 7.6 billion parameters, was fine-

tuned using Low Rank adoption (LoRA) with rank=16 and 𝛼 = 32 , targeting 𝑞𝑝𝑟𝑜𝑗 and 𝑣𝑝𝑟𝑜𝑗 

(Hu et al., 2022). LoRA decomposes weight updates as: 

𝑊 = 𝑊0 +
𝛼

𝑟
𝐵𝐴 

Where 𝑾𝟎 is the frozen pretrained weight, 𝑨 ∈ ℝ𝑑×𝑟 and 𝑩 ∈ ℝ𝑟×𝑘 are low-rank matrices 

trainable parameters: 5 million, 0.07% of total), and 
𝜶

𝒓
 is the scaling factor (Hu et al., 2022, p. 

3). 

The pipeline consists of four progressive stages: supervised fine-tunning (SFT), sequence-level 

KD(Seq-KD), token-level KD (Token-KD), and selective token KD(SelecTKD), and is shown 

in Table 3. 

Table 3: KD - Training Pipeline 

STAGE LOSS FUNCTION HYPERPARAMETERS DESCRIPTION 

SFT ℒ𝐶𝐸(𝑠𝑡, 𝑦𝑡𝑒𝑎𝑐ℎ𝑒𝑟) 𝑙𝑟 = 2 × 10−5, 

epochs=3,batch=8 

Supervised fine-tuning on teacher-generated 

responses 

SEQ-KD ℒ𝐶𝐸(𝑠𝑡, 𝜏𝑡) 𝑙𝑟 = 2 × 10−5, 

epochs=3,batch=8 

Sequence-level distillation using teacher-

generated sequences 

TOKEN-KD α×LCE+(1-α) T2 LKL T=2,α=0.5,lr=1×10-5 Token-level distillation from teacher 

distributions 

SELECT-KD Token-KD× 1(𝑐𝑡 > 𝜃) θ=0.7,T=2 ,α=0.5 Confidence-filtered token distillation 

Note. 𝑠𝑡  denotes the student logits, 𝑦𝑡𝑒𝑎𝑐ℎ𝑒𝑟  denotes teacher responses, 𝜏𝑡  denotes teacher sequences, and 

𝑐𝑡denotes teacher confidence at token position t. The SelecTKD mask is activated only when the teacher 

confidence exceeds the threshold 𝜃. 

 

SelecTKD improves Token-KD, by filtering the KL divergence term so that only high 

confidence teacher tokens contribute to distillation. This design is motivated, as it observed 

during the training, there were a lower peak confidence for Arabic tokens compared to English 

tokens. For a token position 𝑡, teacher confidence is defined as  

𝑐𝑡 = ma x (𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑧𝑡

𝑡𝑒𝑎𝑐ℎ𝑒𝑟

𝑇
)) 

Where 𝑧𝑡
𝑡𝑒𝑎𝑐ℎ𝑒𝑟 denotes the teacher logits at position 𝑡 and 𝑇 represents temperature. The 

confidence mask is then defined as  
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𝑚𝑡 = {
1, 𝑖𝑓  𝑐𝑡 > 0.7
0,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

The SelecTKD objective therefore 

ℒ𝑆𝑒𝑙𝑒𝑐𝑇𝐾𝐷 = 𝛼ℒ𝐶𝐸(𝑠𝑡, 𝑦𝑡𝑒𝑎𝑐ℎ𝑒𝑟) + (1 − 𝛼)𝑇2 × ∑ 𝐾𝐿(𝑝𝑡
𝑠𝑡𝑢𝑑𝑒𝑛𝑡||𝑝𝑡

𝑡𝑒𝑎𝑐ℎ𝑒𝑟) × 𝑚𝑡

𝑡

 

Where cross-entropy term is applied for all tokens, while KL-divergence is applied selectively 

to high-confidence tokens (Wu et al., 2025). Therefore, this formulation allows the student to 

continue the learning process with maintaining Arabic learning while reducing noisy distillation 

pressure. 

Table 4: KD - Training Corpus 

Source Size Language Construction Method 

opus-100 (Helsinki-NLP) 2,428 Arabic Parallel corpus → 32B teacher responses (τ=2τ=2) 

tatsu-lab/alpaca 2,499 English Instruction → 32B teacher responses 

GCC banking (generated) 10,000 AR+EN Rule-based CBB regulations, banking, Bahraini dialect 

Total 14,927 Bilingual 3 epochs, batch=8, LoRA 

The corpus shown in Table 4 is utilized for all stages of the KD pipeline with LoRA-based 

student fine-tuning. Note that Teacher responses were generated using greedy decoding. 

This corpus was chosen to reflect both general instructions following ability and domain-

specific GCC usage. The use of Arabic parallel data supports cross-lingual adaption of models, 

whereas English Alpaca corpus would ensure the maintenance of general assistant behavior. 

The generated GCC data would provide necessary information related to browser-based 

deployment in Bahrain and Gulf. Therefore, this resulting corpus supports the thesis goal of 

preserving bilingual capability under model compression. 

3.3.3.2 Experimental Framework and Implementation 

The distillation experimental framework7 was implemented in Python as a modular pipeline 

covering data loading, preprocessing, model training, inference, and evaluation. The framework 

was executed on the Hayrat Benefit Lab cluster using two NVIDIA A100-PCIE-40GB GPUs, 

with experiments submitted through SLURM. The software environment was managed with 

Conda and included PyTorch for training, Hugging Face Transformers for model loading and 

inference, PEFT for LoRA-based fine-tuning, BitsAndBytes for quantized teacher inference, 

and lm-evaluation-harness for standard benchmark evaluation. The pipeline followed a staged 

design in which each stage was initialized from the previous checkpoint. Training used 

deterministic seeds and greedy decoding for evaluation to ensure reproducibility. Standard 

 
7 Code available at: https://github.com/Fatimadayan/arabic-kd-pipeline.git  

  Model Available at: https://huggingface.co/FFA37/Qwen2.5-7B-KD  

https://github.com/Fatimadayan/arabic-kd-pipeline.git
https://huggingface.co/FFA37/Qwen2.5-7B-KD
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benchmarks such as MMLU-EN were evaluated using lm-evaluation-harness, while Arabic- 

and dialect-specific benchmarks, including ArabicMMLU, AraDiCE, Habash corpus tasks, and 

bilingual behavioral metrics, were implemented with custom scoring scripts tailored to the 

thesis objectives. 

3.3.4 Fine-tuning 

Following knowledge distillation, the student model was further refined through parameter-

efficient fine-tuning using LoRA (Hu et al., 2022). This choice is well suited to resource-

constrained training environments and is commonly used in large language model adaptation 

workflows. We have fine-tuned the student model Qwen2.5-7B-Instruct8 using three stage 

curriculum strategy instead of a single monolithic training run. The training follows a board to 

specific curriculum, Stage 1 focused on Arabic foundation learning, Stage 2 introduced GCC-

domain adaptation, and Stage 3 targeted Bahraini dialect specializations while reducing 

catastrophic forgetting through replay from earlier stages (Aharoni and Goldberg, 2017; 

Kirkpatrick et al., 2017). 

Table 18: Curriculum training stages: data sources, sample counts, and hyperparameter configuration9 

Stage Data Sources Samples Epochs LR Objective 

Stage 1 Arabic 

Foundation 

BC Gold Morph, BC Auto 

Morph, NahwuAI, CAMeL GEC 

99,860 1 2×10⁻⁴ General Arabic morphology, 

syntax, error correction 

Stage 2 GCC 

Domain 

Gumar Corpus, KD 32B teacher 

data 

15,158 1 1×10⁻⁴ Gulf Arabic domain adaptation 

via knowledge distillation 

Stage 3 

Bahraini Target 

Bahrain Corpus (Habash et al., 

2022), Hishambarakat, Stage 1 

replay (10%) 

60,676 2 5×10⁻⁵ Bahraini dialect specialisation 

with catastrophic forgetting 

mitigation 

 

The training setup used LoRA with rank r=16 and scaling factor α =32, applied to the attention 

and feed-forward projection layers. Training was conducted in bfloat16 precision using the 

AdamW optimizer with gradient checkpointing and stage-wise learning rate decay. Gradient 

accumulation was used to maintain the effective batch size , and warm-up period was performed 

at each stage to stabilize optimization. With this setup, the Benefit AI Lab GPU cluster  could 

adapt steadily while maintaining  a modest number of trainable parameters compared to the 

entire model size. 

 
8 Model available at: https://huggingface.co/FFA37/acai-7b-bahraini  

  Code available at: https://github.com/Fatimadayan/acai-bahraini-fine-tune  
9 Note: Stage 1 used Arabic foundation datasets including BC Gold Morph, BC Auto Morph, NahwuAI, and CAMeL GEC. 

Stage 2 used the Gumar Corpus, accessed via the CAMeL Lab annotated corpus download page. Stage 3 used the Bahrain 

Corpus, accessed via the official Bahrain Corpus website and the LREC 2022 corpus paper. 

https://huggingface.co/FFA37/acai-7b-bahraini
https://github.com/Fatimadayan/acai-bahraini-fine-tune.git
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3.4 Evaluation Methods 

The evaluation metrics used are divided into three groups: Computational metrics, error 

measurement, and task benchmarks. These evaluation categories were chosen to cover 

different aspects that would in turn produce a comprehensive analysis of the results. 

3.4.1 Computational Metrics 

The first group, computational metrics, takes into account the model size, its memory 

footprint, and its inference speed (tokens generated per second), and are used to evaluate how 

much a compression technique decreases the size of the model, and whether any speedup in 

token generation was gained. 

The model size refers to the total number of parameters of a model multiplied by its element 

size in bytes. The memory footprint refers to the actual size of a model, in bytes, when loaded 

into memory. The inference speed or throughput refers to the number of tokens generated per 

second. It is important to note that the numbers obtained are approximations and may have 

slight variations depending on the hardware, bandwidth, and other factors, and are only meant 

to be used for relative comparison between the base and compressed models. 

3.4.2 Error Measurement 

The second group, error measurement, refers mainly to the perplexity metric, a widely used 

metric in model compression literature that measures the uncertainty of a model, used to 

perform simple performance comparisons between the results and the baseline. However, 

perplexity does not accurately measure the real-world performance of a model, and it also lacks 

the insight needed for results interpretability. 

Perplexity (PPL)  is a metric used to measure the language modeling capabilities of a model 

by measuring its uncertainty in predicting the next token. The models were evaluated on the 

WikiText-2 (Merity et al., 2016) corpus following HuggingFace’s perplexity metric 

implementation (HuggingFace, 2025). For replicating results, the script used (ppl.py) can be 

found in the report’s code repository10. 

3.4.3 Task Benchmarks 

The third category, task benchmarks, covers the shortcomings of perplexity by selecting a set 

of diverse task-based benchmarks that evaluate real-world performance. The benchmarks were 

chosen to represent a variety of tasks in both the Arabic and English language. 

 
10 Code available at: https://github.com/S-Y-A-N/ar-llm-

browser/blob/master/llmini/evaluation/ppl.py 

https://github.com/S-Y-A-N/ar-llm-browser/blob/master/llmini/evaluation/ppl.py
https://github.com/S-Y-A-N/ar-llm-browser/blob/master/llmini/evaluation/ppl.py
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The task benchmarks used are ArabicMMLU (Koto et al., 2024) for Arabic language 

performance, which comprises over 40 different tasks across 5 general categories, and 

metabench (Kipnis et al., 2025) for English language performance, a light version of six 

popular benchmarks: ARC (Clark et al., 2018), GSM8K (Cobbe et al., 2021), HellaSwag 

(Zellers et al., 2019), MMLU (Hendrycks et al., 2021), TruthfulQA (Lin et al., 2022), and 

WinoGrande (Sakaguchi et al., 2019). The implementation uses EleutharAI’s evaluation 

harness (Sutawika et al., 2024) at commit version #c1c4bea to ensure result replicability. All 

the evaluations were performed zero-shot, with most of the tasks reporting the raw accuracy 

scores, with the exception of reporting the normalized accuracy scores for ARC and HellaSwag, 

and flexible extraction scores for GSM8K for more stable results. 

3.5 ACAI - Web Application Design and Architecture 

We propose a prototype design of an offline Bahraini AI platform, which we call Arabic 

Cognitive AI or ACAI for short, that integrates an Arabic model specially fine-tuned on 

Bahraini datasets to better assist the local populace of Bahrain in their native tongue. The 

platform is an offline web application designed to test and showcase the compressed and 

optimized models in a practical scenario, as well as the capabilities of offline local hosting of 

LLMs. The application components are structured in a layered architecture, where each layer 

represents a separate component from which data moves into from the previous layer or 

component, as illustrated in Figure 6. 

The presentation layer handles the user interface, where the user can make requests, e.g. 

prompting a locally hosted LLM model. The logic layer is primarily separated into the router 

layer which handles routing logic, and the services layer which performs the business logic. 

The application will contain several LLM-related services that aid the generative abilities of 

the compressed models, such as orchestration, retrieval-augmented generation (RAG), web 

Figure 6: Application - Architecture overview. 
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search, and agentic pipeline building with intent classification (involving multiple chat modes 

that process a prompt differently based on their such as research, local law, dialect and 

language, reasoning, and knowledge extraction). Details about these chat modes, called agents, 

can be found in Table 5. 

Table 5: Application - Overview of chat modes (agents). 

Agent Task Example System Prompt 

Bahith  باحث 

 (Researcher) 

Use web search and RAG to respond with 

citations. 

 أنت باحث في ACAI .قدّم معلومات دقيقة.

 التنسيق: 

 الملخص: )2-3  جمل( النتائج الرئيسية: نقاط + مصادر 

 التحليل: سياق أعمق 

X/10 :الموثوقية 

 لا تخترع مصادر. أجب بنفس لغة السؤال.

Musheer  مشير 

 (Advisor) 

Use RAG with local policy and law documents to 

provide guidance. 

 ،CBB :مراجعك الخليج.  أنظمة  أنت  مشير،  خبير 

.SAMA، UAECB، DFSA 

 التنسيق: 

 الحكم: ]المنظم | الوثيقة | القسم[ 

 شرح النظام  التفاصيل:

 المتطلبات: خطوات أو شروط 

 هذا تحليل استرشادي. راجع متخصصاً قانونياً.

Lughawi لغوي 

 (Linguist) 

Analyze Arabic dialect and language. .أنت لغوي، خبير اللغة العربية واللهجات 

%X :اللهجة: ]النوع[ — الثقة 

 المؤشرات: الكلمات الدالة 

 الصرف: كلمة = جذر + وزن + معنى )٣ كلمات( 

 الفصحى: النص المطبوع

 التحول اللغوي: إن وجد

 ملاحظة  الثقافي:

Hakeem  حكيم 

(Reasoner) 

Follow reasoning steps and present a confidence 

score of the reasoning. 

 أنت حكيم، عميل التفكير العميق .

 خطوة ١: التفكيك

 خطوة ٢: المعرفة 

 خطوة ٣: الاستدلال 

 خطوة ٤: التحقق 

 خطوة ٥: الإجابة النهائية

X/10 :الثقة 

Muraqib  مراقب 

 (Verifier) 

Verify claims with evidence. أنت مراقب، عميل التحقق . 

 ✅ صحيح: الدليل 

     غير محدد: يحتاج مصدراً

 ❌ خاطئ: التصحيح

X/10 :الحكم 
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Bani باني 

(Knowledge 

Builder) 

Extract meaningful knowledge from model 

responses. 

 أنت بانِ، عميل استخراج المعرفة.

 الكيانات: | الاسم | النوع | الثقة |

 العلاقات:  → ]أ[ —]علاقة[→ ]ب[ 

 المفاهيم: م١، م ٢، م٣

 

The models layer is concerned with the data models that form the database of the application. 

Figure 7 shows a simplified diagram of the application’s data models and their relationships. 

The application allows having multiple users or using it as a guest. Each user can have multiple 

chats, and each chat contains queries (prompts or messages) made by the user. Naturally, each 

query has one response related to it, and responses are created by an “agent” using the query. 

Each agent defined uses an underlying LLM to generate responses. 

 

Figure 7: Application - Data models diagram 

The unshaded diamond denotes an aggregation, and the shaded one a composition. 
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Chapter 4 

Results and Discussion 

This chapter discusses the results obtained from the base models, considered the baseline, and 

the compressed models’ evaluations. The experimental environment and setups are first 

discussed, followed by sections dedicated to each compression method that discuss the results 

obtained from the compressed models in relation to the baseline. A final discussion section is 

dedicated to comparing between the compression methods and insights. 

4.1 Experimental Environment and Setup 

All the experiments were conducted on the University of Bahrain BENEFIT Advanced AI and 

Computing Lab’s GPU cluster, using two 40GB NVIDIA A100 (Ampere 8.0) GPUs for 

compute-heavy experiments, and single 16GB T4 Tesla (Turing 7.5) GPU for light 

experiments. The workflow used our utility llmini using libraries such as Hugging Face’s 

Transformers (Wolf et al., 2020) for model loading, PEFT (Mangrulkar et al., 2026) and TRL 

(von Werra et al., 2020) for fine-tuning, BitsAndBytes (Dettmers et al., 2022b) for quantized 

inference and other. All perplexity and task evaluations required the use of the more powerful 

A100 GPUs due to the data overhead. The specific setup for applying each of the compression 

methods’ is provided in the following sections. 

4.1.2 Quantization Setup 

GPTQ was shown to have greater memory requirements that necessitated using the A100 GPU, 

and the weight-only GPTQ 8-bit quantization (W8A16) required the most compute. 

4.1.2 Pruning Setup 

Since the pruning methods used (SparseGPT and Wanda) are not computationally expensive, a 

single T4 GPU was sufficient for applying the pruning methods on the models. 

4.1.3 Knowledge Distillation Setup 

Knowledge distillation was used to adapt the teacher model Qwen2.5-32B to smaller student 

model Qwen2.5-7B efficiently. The teacher model-32B was quantized using BitsAndBytes 

compressing the memory needed from 64GB to approximately 20GB, which is suitable for the 

lab cluster GPU. In addition, this is the technique used in previous research  as in (Dettmers et 

al., 2022b) which established that 4-bit quantization via (BitsAndBytes) is sufficient for 

inference and low-rank adoption. Also (Chhawri, et al., 2025) ,which investigate why 4-bit 
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quantization is often the "sweet spot" for these models. In other hand, the student model 

Qwen2.5-7B was trained progressively through supervised fine-tuning to sequence-level 

distillation, token-level distillation and the proposed SelecTKD stage. 

This setup was chosen because it allows the study to isolate the effect of each stage on 

performance and bilingual behavior, however its suitable for the purpose of resources-efficient 

adaption. 

4.2 Quantization 

The Arabic model ALLaM-7B was quantized into two weight precisions, 8-bit and 4-bit, using 

several quantization algorithms, such as LLM.int8() (Int8), weight-only GPTQ (W8A16), and 

weight-and-activation GPTQ with SmoothQuant (W8A8) for the 8-bit algorithms, and QLoRA 

(Int4) and weight-only GPTQ (W4A16) for the 4-bit algorithms. The results compare baseline 

ALLaM-7B (FP16) with the post-quantization model sizes, perplexity, and task performance 

scores. For disambiguation, in the following sections 4-bit QLoRA refers to the quantization 

method introduced in the same paper (Dettmers et al., 2023), not the fine-tuning technique. 

4.2.1 Compression Ratio 

The baseline float16 ALLaM-7B model alongside its quantized counterparts are shown in Table 

6, and the compression ratio (Original Size / Compressed Size) is calculated. It is expectedly 

found that 8-bit quantization methods decrease the model size by around half, and precisely by 

a factor of 1.86. On the other hand, the 4-bit GPTQ decreases the model size the most, even 

more than QLoRA’s quantization. This is expected due to QLoRA’s double quantization 

method being designed for fine-tuning and adding special adapters for that purpose, called 

trainable Low-Rank Adapters (LoRA). 

Table 6: Quantization - Model sizes and compression ratios 

ALLaM-7B Model Size (GB) CR 

Fp16 13.04 1× 

Int8 7.01 1.86× 

W8A8 7.01 1.86× 

W8A16 7.01 1.86× 

Int4 4.37 2.98× 

W4A16 4.09 3.19× 

 

4.2.2 Perplexity 

The perplexity values for each quantization method when applied on ALLaM-7B are reported 

in Table 7. From the reported results, it is observed that 8-bit quantized models perform 
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similarly to the base float16 model, with weight-only 8-bit quantization (W8A16) performing 

slightly better by 0.01 point. This suggests that, for ALLaM-7B in particular, the effect of 8-bit 

quantization is minimal on the model’s quality, while providing a proportionally large reduction 

in the model’s size, shown to be about 1.86× reduction in Table 6. On the other hand, the 4-bit 

quantization results were both higher and different from each other. For instance, the GPTQ 

weight-only 4-bit quantization yielded lower (better) perplexity compared to the QLoRA 

quantization. This can be explained by the fact that QLoRA-quantized models are expected to 

be subsequently fine-tuned with the fine-tuning method QLoRA, and in this case no fine-tuning 

took place, and inversely, GPTQ is a post-training quantization algorithm, and thus the better 

perplexity value without subsequent training or fine-tuning. 

Table 7: Quantization - Perplexity scores 

ALLaM-7B Perplexity 

Fp16 4.75 

Int8 4.80 

W8A8 4.86 

W8A16 4.74 

Int4 6.37 

W4A16 5.21 

 

4.2.3 Task Performance 

The mean accuracy scores of ArabicMMLU and metabench for ALLaM-7B base float16 and 

quantized versions are shown in Table 8. Additionally, more detailed observations can be drawn 

from the per-task results shown in Table 20 in Appendix A. 

Table 8: Quantization - Mean accuracy scores for ArabicMMLU and metabench 

ALLaM-7B ArabicMMLU metabench 

Fp16 70.08 55.10 

Int8 69.84 53.34 

W8A8 69.73 55.70 

W8A16 70.16 55.24 

Int4 65.67 40.73 

W4A16 66.78 50.06 

 

Accuracy Retention. Weight-only 8-bit quantization with GPTQ not only retained the full 

accuracy from the base float16 ALLaM-7B, but also marginally exceeded the original 

performance by approximately +0.11% and +0.25% on English and Arabic tasks respectively. 
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Moreover, the GPTQ 8-bit weight-and-activation quantization has shown remarkable 

performance with almost 99.5% retained accuracy in Arabic tasks and +1.1% accuracy increase 

in English tasks. The 8-bit quantized model with LLM.int8() also follows closely to the 8-bit 

GPTQ-quantized models, with almost 99.7% retained accuracy in Arabic tasks and 96.8% in 

English tasks. These scores show that GPTQ quantization, whether or not weight-only, is a 

highly accurate method of reducing weights while preserving performance on real-world tasks, 

with LLM.int8() being nearly as accurate while also taking virtually no time to apply unlike 

GPTQ. Since the increases present are marginal, they are not necessarily indicative of actual 

performance gains in real-world application, but they do suggest that the model likely retains a 

similar performance to the original model. The ALLaM-7B is also a fine-tuned Arabic model, 

and was shown in the pruning results to be more stable with compression in comparison to the 

other models. 

For the 4-bit quantized models, both the GPTQ and QLoRA variants retained a similar accuracy 

in Arabic tasks, about 95.29% and 93.71% mean accuracy retention. However, a starker 

difference is found in the English tasks’ mean accuracy, with GPTQ retaining 90.85% of the 

original accuracy, in contrast to QLoRA retaining 73.92%. This wide margin suggests the same 

conclusion reached from the perplexity scores, in that GPTQ is a more complex quantization 

method and primarily  a post-training technique, while QLoRA’s quantization method is 

expected to be followed by fine-tuning, and likely thus the stark difference. 

 

 

 

 

 

 

 

 

 

 

 

Compression-Accuracy Tradeoff. The average accuracy retention is calculated per 

quantization method for ALLaM-7B to analyze the tradeoff between compression and 

accuracy, and is shown in Figure 8. All the 8-bit quantization methods had the same 

compression ratio at about 1.86, making the tradeoff comparison between them straightforward, 

Figure 8: Quantization – Average retained accuracies per method 
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with the method achieving the highest accuracy retention being the best. This is shown to be 

both the GPTQ quantized models, which are closely tied at ~100.2% accuracy retention, with 

LLM.int8() being very close as well at ~98.4% retention. On the other hand, it is clear that the 

4-bit GPTQ quantized models also performs competitively with ~93.3% accuracy retention 

with the highest compression ratio (3.19×) of all quantized methods. QLoRA comparatively 

falls behind with ~85.0% retained accuracy at 2.98× compression. 

Additionally, to better gauge the difference between 8-bit and 4-bit methods, the average 

accuracy of the three 8-bit quantization methods is compared with specifically GPTQ due its 

superior results. It is found that 4-bit GPTQ achieves about 95.52% of the average 8-bit 

quantization accuracy in Arabic tasks, and 90.85% in Arabic tasks, while decreasing the storage 

and memory requirements of the model a factor of 1.33 more than the 8-bit methods. 

4.3 Pruning 

The pruning methods, SparseGPT and Wanda, were applied on a subset of the models shown 

in Table 2, with the main results following a fixed sparsity level of 50% with unstructured 

pruning. The results compare the baseline models with the post-pruning model sizes, perplexity, 

and task performance scores. 

4.3.1 Compression Ratio 

The baseline model sizes alongside their post-pruning counterpart are shown in Table 9, and 

the compression ratio (Original Size / Compressed Size) is calculated. With a fixed sparsity 

level of 50%, the results expectedly follow that and show a similar compression ratio across all 

models, for an average of  1.79× compression. These compression ratios are shared between 

SparseGPT and Wanda since the difference in the number of pruned parameters is negligible. 

For parameter counts per pruning method, the reader may refer to Table 21 in Appendix A. 

Table 9: Pruning - Original vs. pruned size of the model and the compression ratios. 

 Original Size Pruned Size CR 

ALLaM-7B 13.04 7.01 1.86× 

Qwen3-8B 15.26 8.79 1.74× 

Llama3.1-8B 14.96 8.46 1.76× 

Gemma3-12B 22.70 12.68 1.79× 

 

4.3.2 Perplexity 

The perplexity scores are reported in Table 10 for all the dense and sparse variants of the 

models. From the reported results, it is observed that SparseGPT produces lower (better) 
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perplexity scores than Wanda. However, the amount of this difference varies by model, with 

ALLaM-7B having the lowest difference between its SparseGPT and Wanda variant (0.34), 

closely followed by  Qwen3-8B (0.44), then by Llama3.1-8B (1.1), and finally by Gemma3-

12B with the highest difference (2.7). 

Table 10: Pruning - Perplexity scores for baseline and SparseGPT/Wanda-compressed models. 

Method Sparsity ALLaM (7B) Qwen3 (8B) Llama-3.1 (8B) Gemma 3 (12B) 

Dense 0% 4.75 7.27 5.89 7.53 

SparseGPT 50% 6.36 8.99 8.55 9.28 

Wanda 50% 6.70 9.43 9.65 11.98 

 

Comparing between the dense baseline and SparseGPT variant for each model, ALLaM-7B is 

found to have the lowest increase in perplexity (+1.61), followed by Qwen3-8B (+1.72), then 

by Gemma3-12B (+1.75), and finally by Llama3.1-8B (+2.66). Similarly for the Wanda 

variants, ALLaM had the lowest perplexity increase (+1.95) then followed by Qwen3-8B 

(+2.16), with the difference being that Llama3.1-8B had a lower increase compared to 

Gemma3-12B (+3.76 and +4.45 respectively). These results are visualized in Figure 9. 

4.3.3 Task Performance 

The pruning methods, SparseGPT and Wanda, were applied on the models shown in Table 2, 

with the main results following a fixed sparsity level of 50% with unstructured pruning. 

Table 11 reports the mean accuracy scores of ArabicMMLU (denoted AR for Arabic) and 

metabench (denoted EN for English) for the dense baselines and the sparse variants. 

Figure 9: Pruning - Perplexity scores comparison between dense and sparse variants. 

0

2

4

6

8

10

12

14

ALLaM (7B) Qwen3 (8B) Llama-3.1 (8B) Gemma 3 (12B)

P
e

rp
le

xi
ty

Dense SparseGPT Wanda



   

 

 33 

Additionally, interesting observations can be drawn from the detailed per-task results for 

ArabicMMLU and metabench which are shown in Table 22 in Appendix A. 

Table 11: Pruning - Mean accuracy scores of ArabicMMLU and metabench. 

 ALLaM 7B Qwen3 8B Llama-3.1 8B Gemma 3 12B 

Method Sparsity AR EN AR EN AR EN AR EN 

Dense 0% 70.08 55.10 62.38 57.38 56.69 56.61 65.04 64.14 

SparseGPT 50% 62.62 45.60 53.70 50.42 40.05 45.45 58.17 54.32 

Wanda 50% 63.58 44.33 50.52 45.60 36.52 41.91 47.00 39.06 

 

Accuracy Retention. SparseGPT has shown to have a slightly higher accuracy retention rate, 

keeping an average of 83.9% of the original model’s accuracy for both the English and Arabic 

tasks, and Wanda keeping comparatively an average of 75.4%. While there was no difference 

between the averaged performance of SparseGPT-compressed models between Arabic and 

English tasks (with  ~83.9% accuracy retention in both), Wanda performed slightly better in 

Arabic tasks (77.1%) compared to English tasks (73.7%). This difference could be attributed to 

the imbalance in the evaluation metrics between the two languages, as ArabicMMLU mainly 

measures the knowledge of the model using choice-based question-answering, while 

metabench has more diverse metrics that can be more affected by compression, like the 

generative task GSM8K that measure multi-step mathematical reasoning, and HellaSwag which 

measure common-sense reasoning. 

Points Difference. In terms of the raw score differences, SparseGPT scores higher (in 

comparison to Wanda) an average of ~3.36 points in the ArabicMMLU (AR) benchmark, and 

~3.21 points in the metabench (EN) benchmark, with the exception of ALLaM’s ArabicMMLU 

score, which is slightly higher in the Wanda variant both on average and on a per-task basis, as 

seen in Table 21. Theoretically, since Wanda has a simpler pruning metric and does not perform 

weight updates in contrast to SparseGPT, it is expected that its average model performance will 

be lower. This holds true in the conducted experiments, but these differences can in times be 

marginal, while in other times Wanda can perform remarkably better, as shown in the GSM8K 

score of Qwen3, which is significantly higher by 18.57 points compared to SparseGPT. 



   

 

 34 

Compression-Accuracy Tradeoff. Since the compression ratios are largely similar across 

models, with a ratio of 1.79× on average, the average accuracy retention is calculated per pruned 

model to analyze the tradeoff between compression and accuracy. From Figure 10, we can aid 

the tradeoff analysis with  two main observations. 

Firstly, the SparseGPT variants of ALLaM-7B, Qwen3-8B, and Gemma3-12B are shown to 

have the highest retention rates, with a very similar retained accuracy of 86.06, 86.98, and 87.06 

respectively. This suggests that these three models have a similar compression-accuracy 

tradeoff, which is the highest among all the pruned models. In comparison, Llama3.1-8B’s had 

a significantly worse retention of 75.47. 

Secondly, the Wanda variant of ALLaM-7B had the highest retention rate of 85.58, closely 

followed by Qwen3-8B (80.23), then distantly by Llama-3.1 (69.22) and Gemma3-12B (66.58). 

Combining these observations, the Wanda variants are found to differ in their tradeoff 

compared to the SparseGPT variants in three levels: ALLaM-7B with the lowest difference 

(0.48), Qwen3-8B and Llama3.1-8B with moderate difference (6.75 and 6.25 respectively), 

and Gemma3-12B with the highest difference (20.48). This variety of differences among the 

two pruned variants suggest that the resulting performance may be architecture-dependent, 

since Gemma3-12B has a more unique architecture compared to the other three, and a much 

higher number of layers. Interestingly, these findings show that models with larger sizes and 

more layers tend to have a worse tradeoff in Wanda compared to SparseGPT, with the 

difference diminishing for smaller models, but drawing this conclusion requires a larger number 

of observations of many models with varying architectures and sizes. 

Models Comparison. To further compare between the sparse models, the performance gap 

between the two pruning methods is measured per model by calculating the difference in their 

accuracy retention scores, with smaller performance gaps indicating a higher similarity between 

Figure 10: Pruning - Accuracy retention per model. 
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the two pruned variants. It is found that the Arabic-trained ALLaM-7B, despite being the 

smallest model, had the most stable results, with the highest similarity in results between its 

SparseGPT and Wanda variants in both English and Arabic tasks, with remarkable robustness 

in Arabic specifically that marginally favored Wanda. On the other hand, while Qwen3-8B has 

significantly higher accuracy retention than Llama-8B, they both have a similarly moderate 

performance gap between the two methods that favors SparseGPT, barring the exceptionally 

better performance of Qwen3-8B’s Wanda variant on GSM8K. Lastly, Gemma3-12B had the 

most erratic difference between its SparseGPT and Wanda variants, with clearly worse 

performance in its Wanda version compared to its SparseGPT version. 

Overall, ALLaM-7B had the best post-pruning (w/ Wanda) scores on the Arabic benchmark 

and by a large margin compared to the other models. For the English benchmark, Gemma3-

12B had the best post-pruning (w/ SparseGPT) scores overall with Qwen3-8B performing 

competitively, with about 7.8% worse performance in English and 8.3% worse in Arabic on 

average, while being 44% smaller in size. 

4.4 Knowledge Distillation 

The experimental setup follows the multi-stage training pipeline described in Chapter 3, 

consisting of supervised fine-tuning, sequence-level distillation, token-level distillation, and the 

proposed confidence-filtered distillation method, SelecTKD. The evaluation framework is 

organized into three complementary layers: (1) general reasoning (MMLU-EN, 

ArabicMMLU,GSM8K via lm-evaluation-harness v0.4.11); (2) Arabic /GCC capability 

(AraDiCE-Culture Qatar, Habash Bahrain Corpus with CJK filtering); (3) Bilingual behavioral 

symmetry (xx-pair prompts measuring LPG = |ACC_EN - ACC_AR|, CLCS, ECE_AR) (Gao 

et al., 2023; Al-Ajmi et al., 2022).Additionally, perplexity is discussed as additional linguistic 

quality metric to assist in analyzing efficiency and frequency trade-off. 

4.4.1 Task Performance 

This section evaluates whether the distillation process retains the ability of general reasoning 

of the student model, while increasing its performance or at least not affecting its Arabic and 

GCC specific behavior. 

4.4.1.1 General Reasoning Benchmark 

The first layer of evaluation examines whether KD affects broad reasoning capability in both 

English and Arabic. Knowledge distillation preserves English reasoning without significant 

statistical degradation. Table 12 shows that English MMLU scores are comparable within errors 

bars (73.80 ± 0.60 base vs. 73.40 ± 0.60 SelecTKD), while ArabicMMLU (General Knowledge 
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task with 100 samples) scores remain stable at a range of 58 to 63% across stages, showing no 

systematic loss. In addition, GSM8K scores varied based on corpus composition, not distillation 

quality. Since GSM8K follows a different pattern, starting by supervised finetuning which 

improves the performance reaching from the base model 18 to 52, then later distillation reduces 

this gain reaching 26. However, it is still better than the base model, with raw untrained nor 

distilled data. 

Table 12: KD - Layer 1 - Standard Benchmarks 

Model English-MMLU ArabicMMLU GSM8K 

Base-7B 73.8 ± 0.60 63.0 18.0 

sft-KD-7B - 61.0 52.0 

Seq-KD-7B - 60.0 32.0 

Token-KD 73.5 ± 0.60 63.0 18.0 

SelecTKD 73.4 ± 0.60 58.0 26.0 

 

4.4.1.2 Arabic and GCC-specific Evaluation 

The second evaluation layer focuses on Arabic and GCC-specific capability using the 

AraDiCE-Culture (Qatar subset) benchmark. AraDiCE was introduced as benchmark for 

dialect and cultural evaluation in Arabic LLMs, its especially important for testing if 

compressing Arabic Large Language model preserves grounded knowledge (Mousi et al., 

2025). In this thesis, the Qatar specific subset are employed as concise but meaningful for 

testing GCC culture understanding. As shown in Table 13, there is a noticeable difference 

between all the models. Where in the first result using 30 MCQ the percentage fluctuate 

between the models Base achieved 66.7 while the accuracy drops by 3.4% in Token-KD, then 

reduces after filtering to with a 13.4% drop in accuracy falling to 53.3% in SelecTKD. 

Then we evaluate the model with Truthful modern standard Arabic (MSA), Physical Interaction 

Question Answering (PIQA) MSA, and HellaSwag MSA, with N=500 results are more stable 

across the models. The performance across all the three models remains clustered around 30s 

to mid-40s.showing the slightly impact of KD on the inherent tendency of the model to 

hallucinate or to the limited effect in Modern Standard Arabic reasoning. Although SelecTKD 

again shows a modest decline relative to the base model. 

Table 13:KD -  AraDiCE-Culture Qatar and GCC Dialect 

Model AraDiCE-Qatar (N=30) Truthful MSA (N=500) PIQA MSA (N=500) HellaSwag MSA 

Base-7B 66.7 42.4 45.2 40.2 

Token-KD 63.3 43.1 44.4 40.2 

SelecTKD 53.3 41.8 31.4 38.0 
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The Bahrain Corpus Evaluation 

The Bahrain corpus (Abdulrahim et al., 2022) provides a more discriminative test of Bahraini 

dialect capability because it contains 300 prompt-level evaluation dialect identification, 

normalization, and code-switching as illustrated in Table 14. Due to keyword negation inflation, 

scores should be reported as upper bound to avoid overstating results, with manually checked 

subset used to confirm the direction of the findings. The main pattern is that Token-KD 

preserves dialect performance better than SelecTKD, while SelecTKD improves the bilingual 

balance at the cost of dialect specialization. 

Table 14: KD - Habash Corpus Evaluation 

(100 authentic Bahraini Sentences/task, CJK-filtered, UPPER BOUNDS) 

Model Dialect ID% ↑ Normalize%↑ Code-Switch% ↑ Overall%↑ CJK Failures 

Base-7B 94.0 68.0 71.0 77.7 18/300 (6%) 

Token-KD 95.0 70.0 68.0 77.7 21/300 (7%) 

SelecTKD 80.0 53.0 79.0 70.0 22/300 (7.3%) 

 

4.4.1.3 KD behavioral Metrices  

The third evaluation layer measures bilingual behavioral symmetry using paired Arabic and 

English prompts. The importance in this layer represent in testing the model consistently across 

languages underlying the task is semantically same. This goes beyond traditional benchmark 

accuracy and asks whether the distillation method preserves the balance between English and 

Arabic capability. 

From Table 15, the key finding is that standard Token-KD does not reduce the language 

performance gap. Both the base model and Token-KD obtain LPG of 23.4, which indicates that 

uniform Token-KD level distillation preserves the original imbalances rather than correcting it. 

In contrast, SelecTKD has an LPG of 0 in the 30-paird evaluation, However it has strong 

performance  in CLCS and Arabic calibration. Hence, this is strong evidence that supports the 

proposed method, has the ability to change the distribution of learning in a way that has a direct 

impact on bilingual outcomes.   

Table 15: KD behavioral metrices: 30-pair parallel evaluation, greedy decoding 

Model EN Accuracy AR Accuracy LPG CLCS ECE-AR Confidence Gap 

Base-7B 86.7 63.3 23.4 60.0 19.78 7.8 

sft-KD-7B 86.7 80.0 6.7 73.3 3.60 6.5 

Seq-KD-7B 83.3 76.7 6.6 66.7 16.16 8.6 

Token-KD 86.7 63.3 23.4 60.0 19.53 8.1 

SelecTKD 86.7 86.7 0.0 80.0 5.24 7.9 
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4.4.1.4 Token-level fluency 

Perplexity is included as a supplementary measure to assess whether the different distillation 

stages affect token-level fluency. The result in Table 16 show that Token-KD and the baseline 

model are nearly identical, while SelecTKD produces a slightly higher perplexity value. This 

indicates that the cost of applying confidence filtering is small in terms of fluency ,although the 

increase is limited and should be interpreted in context rather than major degradation. 

Table 16: KD – Perplexity scores 

Model Perplexity Average NLL 

Base-7B 5.19 1.6465 

Token-KD 5.20 1.6495 

SelecTKD 5.34 1.6751 

 

Perplexity is a token-level measure of uncertainty, and not to be confused with a complete 

quality measure. However it is still useful as a supporting diagnostic, particularly when 

combined with reasoning and behavioral metrics. From the scores shown in Table 16, it is 

seen that the slight increase in perplexity for SelecTKD is balanced by its strong gains in 

bilingual symmetry, which indicates a targeted trade-off rather than a general collapse in 

language modelling ability. 

4.4.2 Reproducibility and Ablation 

To confirm the robustness of the behavioral results, seed reproducibility analysis was 

conducting using 3 different seeds as shown in Table 17. Due to the use of greedy decoding for 

the evaluation process, the output is deterministic, and that the standard deviation across seeds 

is zero. This aspect is useful in a thesis environment because it confirms that the results reported 

are reproducible. A threshold ablation was also performed to measure the sensitivity of 

SelecTKD to the confidence cutoff, shown in Table 18. The operating point was selected to be 

0.7, which preserved the strongest bilingual improvement while still maintaining enough 

training signal for the model to learn effectively. Lower thresholds introduced too much noisy 

supervision, while higher thresholds removed too much signal. This supports the claim that 

SelecTKD is not a generic filtering rule, instead it is a carefully chosen balance between signal 

quality and signal quantity. 

Table 17: KD - Seed reproducibility (n=3 seeds, 15-pair evaluation, greedy decoding) 

Model EN mean AR mean LPG mean 

Base-7B 93.3 66.7 26.7 

Token-KD 93.3 66.7 26.7 

SelecTKD 93.3 80.0 13.3 
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Table 18: KD - Threshold, SelecTKD, and θ ablation (500 samples, 2 epochs) 

θ (Token-KD) AR sel% LPG Conclusion 

0.0  100.0% 23.4% No filtering baseline 

0.5 ~2.1% 40.0% Too aggressive 

0.7 7.41% 0.0% Optimal full training 

0.9 ~0.3% 30.0% Too restrictive 

4.5 Finetuning  

Since we have done further fine-tuning on the same model, we have done knowledge 

distillation, we adapted the same layer evaluation. Evaluation process is organized into 4 

layers; The first layer tests general reasoning on standard benchmarks. The second layer 

evaluates Arabic and GCC-specific cultural competence using AraDiCE-Qatar. The third layer 

assesses Bahraini corpus-based linguistic capability using Habash-derived tasks. The fourth 

layer examines bilingual behavioral consistency using paired Arabic-English prompts and 

diagnostic metrics such as LPG and CLCS. 

Table 19: Complete evaluation result comparison on KD and fine-tuning 

LAYER METRIC BASE-7B TOKEN-KD SELECTKD FT-V1 FT-V2 

L1 MMLU-EN 73.8 ± 0.6 73.5 ± 0.6 73.4 ± 0.6 59.5 70.8 

L1 ArabicMMLU 63.0 63.0 58.0 58.0 58.8 

L1 GSM8K 18.0 18.0 26.0 20.0 20.0 

L2A AraDiCE-Qatar 53.3 56.7 50.0 60 66.7 

L2B Habash Overall 77.7 77.7 70.7 4.7 40.7 

L2B Dialect ID 94.0 95.0 80.0 7.0 84.0 

L2B Normalize 68.0 70.0 53.0 1.0 25.0 

L2B Code-Switch 71.0 68.0 79.0 6.0 13.0 

L3 EN Accuracy 86.7 86.7 86.7 86.7 86.7 

L3 AR Accuracy 63.3 63.3 86.7 80 70.7 

L3 LPG 23.4 23.4 0.0 6.7 16.7 

L3 CLCS 60.0 60.0 80.0 66.7 60.0 

L3 ECE-AR 19.78 19.53 5.24 9.93 10.23 

PERPLEXITY 5.19 5.20 5.34 3.79 3.89 

 

Table 19 reports the performance of the baseline and fine-tuned models across all evaluation 

layers, and the results are visualized in Figure 11. Overall, the results indicates that the fine-

tuning approach generate a mixed but informative effect. On one hand, this technique improves 

the cultural alignment and Bahraini dialect specialization, since the model retrieve the 

knowledge from datasets and its clear in the responses. On the other hand, it preserves core 

bilingual behavior alignment and maintains competitive performance on standard benchmark. 

On MMLU-EN, the performance in fine-tuned model FT-v1 is 59.5%, which is less than the 

base model, while the instructed FT-v2 it is improving to reach 70.8%, therefore it is a quick 

recovery. On Arabic MMLU, all the models remain steady between 63-58% ,however both 

fine-tuned model showed strong performance near the SELECTKD, while the instructed fine-

tuned achieved slightly higher. Furthermore, Both optimized models achieve 20% in GSM8K, 
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which is less than the SELECTKD but still demonstrates stable mathematical reasoning 

retention. This implies that solving mathematical problems is not solving the primary goal of 

fine-tuning process, therefore, any changes made here should be seen as incidental rather than 

task driven. The strongest gains appear in AraDiCE-Qatar, where FT-v1 reaches 60.0% and 

FT-V2 reaches 66.7%. This shows that the fine-tuning stage improves Gulf cultural 

understanding, with FT-V2 achieving the best result in this layer. These results support the 

claim that curriculum-based fine-tuning helps the model adapt more effectively to GCC-related 

cultural knowledge. 

The Habash corpus layer show a clear divergence between the two fine-tuned versions. The 

first version FT-v1 perform poorly on this layer with 4.7%, overall, 7% on Dialect ID, 1.0% on 

Normalize and 6% on code-switch. This indicates that FT-v1 tends to respond as a generative 

dialogue model rather than as a task-solving analytical model. FT-V2 improves substantially, 

reaching 40.7% overall, 84.0% on Dialect ID, 25.0% on Normalize, and 13.0% on Code-

Switch, which suggests that the revised fine-tuning version recovers much of the analytical 

capability needed for Bahraini corpus tasks. In the bilingual behavioral evaluation, both FT-v1 

and FT-V2 retain 86.7% English accuracy. FT-v1 reaches 80.0% Arabic accuracy with 

an LPG of 6.7%, while FT-V2 reaches 70.7% Arabic accuracy with an LPG of 16.7%. FT-

v1 therefore shows better bilingual balance, while FT-V2 shows a larger gap between English 

and Arabic performance. The CLCS results confirm this pattern: FT-v1 achieves 66.7%, 

whereas FT-V2 reaches 60.0%, indicating that FT-v1 preserves cross-lingual consistency more 

effectively. 

The outcome of perplexity also varies in both fine-tuned versions. FT-v1 achieves a PPL of 

3.79, while FT-V2 reaches 3.89. Both values are lower than the base model and KD baselines, 

which suggests that the fine-tuned models are better adapted to the training distribution. 

However, the lower perplexity should be interpreted alongside the behavioral metrics, since a 

lower score alone does not guarantee better dialectal or analytical performance.   
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Figure 11 : Comparative performance analysis of baseline, knowledge distillation, and fine-tuned models across multilingual 

reasoning, Arabic/GCC evaluation, behavioral metrics, and perplexity benchmarks. 

 

4.6 Discussion 

Figure 11 compares the baseline, knowledge distillation, and fine-tuned models across 

multilingual reasoning, Arabic/GCC evaluation, bilingual consistency, and perplexity. The 

figure shows that the KD models provide a strong initialization for bilingual Arabic-English 

performance, while the fine-tuned variants shift the model toward different strengths depending 

on the training strategy. SelectKD gives the strongest bilingual balance among the KD 

baselines, as reflected by its low LPG and high CLCS. Among the fine-tuned models, FT-v1 

preserves bilingual consistency more effectively, whereas FT-V2 achieves stronger results on 

MMLU-EN, AraDiCE-Qatar, and Habash-based tasks. This indicates that staged fine-tuning 

improves dialect specialization, but the final behavior depends on whether the model is 

optimized for balance or for task-specific adaptation. In addition, the fine-tuning dataset was 

designed to support Bahraini specialization for deployment purposes. However, because it was 

derived largely from series and television show transcripts, it strongly shaped the model’s 

behavior toward dialectal generation. As a result, the model gained Bahraini dialect knowledge 

but showed weaker analytical ability. To mitigate this limitation, instruction-format data was 

incorporated into FT-V2. 

Additionally, interesting insights are extracted from the previously shown compression results 

when compared to each other in terms of their compression ratios, perplexities, task accuracies, 

and compression-accuracy tradeoffs. 
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Firstly, the compression ratios were computed for quantized ALLaM-7B using 5 different 

methods in Table 6, and additionally for four pruned models in Table 9. Comparing between 

them, it is found that on average quantization is capable of reducing the model size to a much 

more significant degree than pruning. 

Additionally, the perplexity values reported in Table 7 for quantization, Table 10 for pruning, 

and Table 16 for knowledge distillation show that the perplexity gain was marginal for the 8-

bit quantized models and the distilled models. Both the 4-bit quantized models and the pruned 

models showed higher perplexity gains comparatively. Thus, the simple metric of perplexity 

can tell us that 8-bit quantization generally produces more stable models compared to lower 

precisions and to pruning, and that pruning produces models equivalent to 4-bit quantized 

models in terms of the language predictive ability. 

Next, the task performance benchmarks between the baseline and the compressed models are 

compared using the mean accuracy scores given in Table 8 for quantization and Table 11 for 

pruning. Since ALLaM-7B was used in both the compression techniques, it can be compared 

directly, and it is clear that quantization’s performance was superior across almost all methods 

and tasks, with the one exception of QLoRA 4-bit performing worse on metabench than the 

pruned models. This further supports the conclusion that 50% pruned models, at least if not 

optimized, will generally produce comparable task performance to 4-bit quantized models, 

which was also similarly seen from the perplexity scores. 

The compression-accuracy tradeoff of all methods is finally compared. For the models tested, 

the 8-bit quantization methods all achieved nearly the same or exceeded the accuracy as the 

original model with half of the original size. Impressively, GPTQ 4-bit also achieves a very 

high accuracy relative to the original model with only a quarter of the size. 
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Chapter 5 

Conclusion and Future Work 

This report investigated several compression and optimization methods, such as quantization, 

pruning, distillation, and fine-tuning and applied them on a variety of different large language 

models, including the Arabic model ALLaM and the latest multilingual models like Qwen, 

Llama, and Gemma. The compressed models were evaluated relative to their base counterparts, 

and several results were extracted, such as the compression ratio, perplexity, and task accuracy. 

The primary results show that the goal of achieving 50% reduction in model size while 

preserving 85% of the performance was achieved with many of the compression methods, such 

as ALLaM-7B when quantized on all the 8-bit methods (LLM.int8(), GPTQ with and without 

activations) and the weight-only GPTQ 4-bit method, and when pruned with SparseGPT and 

Wanda. Pruned Qwen3-8B and Gemma3-12B also achieved this goal but in the English 

benchmarks only. 

Limitations. The compression results were conducted on a limited size range of models, mostly 

on models not exceeding the size of 7B. Additionally, while a varied range of model 

architectures were included, the report did not include experiments on Mixture-of-Experts 

(MoE) models due to their more complex architecture that requires special handling compared 

to standard dense models. Additionally, a limited number of Arabic models, metrics, and 

datasets were used due to the limited availability and issues faced with the existing resources, 

such as model architectural issues and the low quality of available metrics and datasets. 

Project Implications. The results of this project provide insight on the rarely researched aspect 

of how a wide variety of LLM compression methods affect the accuracy and performance of 

multilingual models when dealing with the Arabic language, and in addition to how it affects 

models specifically trained for Arabic like ALLaM. Additionally, with the range of techniques 

tested, the comparative analysis works as a guide for choosing the most optimal compression 

method for practical limited-resource deployment. 

Future Research. Since this report mainly experimented on the Arabic model ALLaM and 

used ArabicMMLU as the main Arabic evaluation dataset, further research can also be done on 

other Arabic models using a more diverse range of Arabic evaluation metrics. This would also 

drive the development of more Arabic models with bigger sizes that can be compressed with 
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higher quality. Additionally, more compression and optimization methods can be tested both 

on their own and in combinations to gain more comprehensive insight, especially with the 

additional context of Arabic performance. Finally, further developing the proposed ACAI 

platform and fine-tuning a high-performance Arabic-Bahraini model is in the plan for future 

work. 

Overall, the study confirms that compression-aware adaptation is a practical strategy for Arabic 

and multilingual large language models, and that the best deployment approach depends on the 

balance between model size, accuracy, bilingual behavior, and task specialization. The findings 

provide a useful reference for selecting between quantization, pruning, distillation, and fine-

tuning in limited-resource settings. Future work should extend this analysis to larger models, 

broader Arabic benchmarks, and more diverse dialectal and instruction-following datasets. 
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Appendix A 

Additional Results 

To complement the main results in Chapter 4, additional results are included here. 

Quantization 

 
Table 20: Quantization - Per-task scores of ArabicMMLU and metabench. 

FP16 denotes the base precision, Int8 denotes LLM.int8(), Int4 denotes QLoRA’s double quantization, and W8A8, W8A16, 

and W4A16 denote GPTQ quantization with the precision of weights (W) and activations (A). 

Task/Model F16 Int8 W8A8 W8A16 Int4 W4A16 

ArabicMMLU 70.08 69.84 69.73 70.16 65.67 66.78 

Humanities 74.94 74.31 74.12 74.67 70.84 71.64 

Language 73.63 72.84 73.82 74.00 70.29 70.78 

Other 73.87 74.07 74.40 74.11 68.60 70.29 

Social Studies 66.55 66.32 66.41 66.67 63.07 63.38 

STEM 63.64 63.80 62.67 63.83 57.97 60.19 

metabench 55.10 53.34 55.70 55.24 40.73 50.06 

ARC 59.31 60.69 64.14 58.62 32.41 60.00 

GSM8K 62.45 64.14 65.40 63.71 28.69 56.12 

HellaSwag 65.59 64.52 64.52 64.52 23.66 58.06 

MMLU 70.83 70.83 70.83 71.88 58.33 71.88 

TruthfulQA 26.62 24.68 27.27 27.27 20.78 24.03 

Winogrande 79.70 75.94 78.95 79.70 69.92 69.92 
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Pruning 

Table 21: Pruning - Model parameter counts after pruning with SparseGPT/Wanda. 

 ALLaM-7B Qwen3-8B Llama3.1-8B Gemma3-12B 

Dense 7,000,559,616 8,190,735,360 8,030,261,248 12,187,325,040 

SparseGPT 50% 3,762,065,637 4,717,787,572 4,540,587,260 6,808,112,210 

Wanda 50% 3,762,077,677 4,717,799,804 4,540,599,034 6,808,129,709 

 

Table 22: Pruning – Per-task evaluation scores of ArabicMMLU and metabench. 

D denotes the baseline dense models, S denotes the SparseGPT compressed variant, and W denotes the Wanda compressed 

variant. The bold scores represent the highest score for each task between the sparse variants. 

 ALLaM 7B Qwen3 8B Llama-3.1 8B Gemma 3 12B 

Task/Model D S W D S W D S W D S W 

ArabicMMLU 70.08 62.62 63.58 62.38 53.70 50.52 56.69 40.05 36.52 65.04 58.17 47.00 

Humanities 74.94 68.00 68.58 59.84 51.93 50.66 56.50 38.73 33.24 62.90 56.62 46.31 

Language 73.63 64.82 65.07 60.15 51.09 47.51 56.8 38.4 32.32 65.31 57.41 43.74 

Other 73.87 65.78 67.51 66.26 56.44 51.37 63.08 44.52 42.19 70.37 62.48 53.46 

Social Studies 66.55 60.36 61.02 61.33 53.77 49.80 55.59 40.9 37.90 64.18 58.28 45.43 

STEM 63.64 55.37 56.87 64.55 54.84 52.05 53.08 37.99 36.49 64.11 56.87 46.16 

metabench 55.10 45.60 44.33 57.38 50.42 45.60 56.61 45.45 41.91 64.14 54.32 39.06 

ARC 59.31 42.76 45.52 72.41 55.17 54.48 64.83 46.9 42.76 78.62 64.83 35.17 

GSM8K 62.45 21.94 19.41 89.03 61.18 79.75 81.86 38.82 22.78 90.72 67.93 27.43 

HellaSwag 65.59 41.94 31.18 55.91 35.48 27.96 60.22 34.41 25.81 70.97 46.24 21.51 

MMLU 70.83 63.54 66.67 83.33 73.96 71.88 75.00 65.62 58.33 84.38 77.08 60.42 

TruthfulQA 26.62 19.48 16.23 31.82 26.62 22.08 29.22 14.94 17.53 37.66 25.32 20.78 

Winogrande 79.7 71.43 68.42 66.92 66.92 62.41 81.2 71.43 65.41 79.70 69.17 62.41 
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Knowledge Distillation 

Table 23: Multi-Layer Evaluation Results for Knowledge Distillation and Fine-Tuned Models 

LAYER METRIC BASE-7B SFT-KD-

7B 

SEQ-KD-

7B 

TOKEN-

KD 

SELECTKD FT-

V1 

FT-

V2 

L1 MMLU-EN 73.8 ± 0.6 — — 73.5 ± 0.6 73.4 ± 0.6 59.5 70.8 

L1 ArabicMMLU 63.0 61.0 60.0 63.0 58.0 58.0 58.8 

L1 GSM8K 18.0 14 18.0 18.0 26.0 20 20 

L2A AraDiCE-

Qatar 

53.3 53.3 36.7 56.7 50.0 60 66.7 

L2B Habash Overall 77.7 55.0 60.7 77.7 70.7 4.7 40.7 

L2B Dialect ID 94.0 27.0 40.0 95.0 80.0 7.0 84.0 

L2B Normalize 68.0 61.0 61.0 70.0 53.0 1.0 25 

L2B Code-Switch 71.0 77.0 81.0 68.0 79.0 6.0 13.0 

L3 EN Accuracy 86.7 86.7 83.3 86.7 86.7 86.7 86.7 

L3 AR Accuracy 63.3 80.0 76.7 63.3 86.7 80 70.7 

L3 LPG 23.4 6.7 6.6 23.4 0 6.7 16.7 

L3 CLCS 60.0 73.3 66.7 60.0 80.0 66.7 60.0 

L3 ECE-AR 19.78 3.60 16.16 19.53 5.24 9.93 10.23 

PPL PPL 5.19 1.32 — 5.20 5.34 3.79 3.89 

 


