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Abstract Arabic Large Language Models exhibit a pronounced deficit in multi-step

reasoning, mathematical problem-solving, and agentic planning relative to their En-

glish counterparts - a gap we attribute to the scarcity of high-quality Arabic chain-

of-thought (CoT) training data and suboptimal tokenization of Arabic script. We

present AraCoT-Agent, a rigorous framework for distilling structured reasoning ca-

pabilities from frontier teacher models (DeepSeek-R1, QwQ-32B) into smaller, de-

ployable Arabic-focused models via reward-weighted supervised fine-tuning. Cen-

tral to our approach is AraCoT, the first curated, quality-filtered Arabic reason-

ing trace dataset constructed through a five-stage filtering pipeline that enforces an-

swer correctness (ε ≤ 10−3), fluency bounds via AraBERT perplexity, structural

completeness, and near-duplicate removal using MinHash-based Jaccard similarity.

We formalize the training objective as a GRPO-style reward-weighted cross-entropy

loss with composite reward r(x,c) = λ1 ·1[correct] +λ2 · |c|/Lmax +λ3 ·fluency(c),
which down-weights gradients for already high-quality examples. We further intro-

duce AraAgent-Bench, a 500-problem benchmark spanning five agentic reasoning

task types across five difficulty tiers, with formal difficulty defined by minimum solu-

tion steps. Through controlled experiments comparing QLoRA fine-tuning (rank 64,

4-bit NF4) on Qwen3-8B and Llama-3.1-8B against full fine-tuning on Qwen3-4B,

we demonstrate that our best model achieves a 55.7% relative improvement over the

strongest baseline (Llama3-8B base, 30.0%) on AraAgent-Bench ((46.7-30.0)/30.0 ×
100; p < 0.05, McNemar’s test), substantially closing the Arabic-English reasoning

gap. Ablation studies reveal that data quality dominates quantity, GRPO weighting

yields consistent gains over standard SFT, and tokenization efficiency (ρQwen ≈ 1.8
vs. ρLlama ≈ 3.2 tokens per Arabic word) is a significant predictor of cross-lingual

reasoning transfer.
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1 Introduction

The rapid advancement of Large Language Models (LLMs) has yielded transforma-

tive capabilities in complex reasoning tasks, from multi-step mathematical problem-

solving (Wei et al., 2022; Kojima et al., 2022) to strategic planning and agentic

decision-making. However, these capabilities remain overwhelmingly concentrated

in English-language models, creating a pronounced disparity for the 400+ million

speakers of Arabic - a language that presents unique challenges for neural language

modeling due to its rich morphology, right-to-left script, and the prevalence of dia-

critically ambiguous surface forms.

We formalize this disparity as follows. Let Mθ denote a language model param-

eterized by θ , and let Acc(Mθ ,Bℓ) denote the accuracy of Mθ on benchmark B in

language ℓ. The reasoning gap for Arabic is:

∆gap = Acc(Mθ ,Ben)−Acc(Mθ ,Bar) (1)

Empirically, ∆gap > 15 percentage points for reasoning-intensive benchmarks across

all publicly available models (Abdaljalil et al., 2026), even for models that include

Arabic in their pretraining corpora. This gap persists despite recent progress in Arabic-

focused LLMs such as Jais (Sengupta et al., 2023), ALLaM (Bari et al., 2025), and

the multilingual Qwen family (Qwen Team, 2025a), suggesting that the root cause

lies not merely in data quantity but in the absence of structured reasoning supervision

in Arabic.

The practical consequences of this reasoning gap extend well beyond academic

benchmarks. In Arabic-speaking countries, education systems, clinical diagnostics,

legal reasoning, and financial planning all demand the kind of structured, step-by-step

reasoning that current Arabic LLMs struggle to provide reliably. A student in Cairo

seeking help with a multi-step physics derivation, or a clinician in Riyadh working

through a differential diagnosis, cannot rely on existing Arabic LLMs for the same

quality of chain-of-thought support available to English speakers.

Chain-of-Thought Distillation as a Solution. Recent work on chain-of-thought (CoT)

reasoning (Wei et al., 2022; Kojima et al., 2022) has demonstrated that explicitly

generating intermediate reasoning steps dramatically improves LLM performance on

complex tasks. Furthermore, frontier reasoning models like DeepSeek-R1 (Guo et al.,

2025) and QwQ-32B (Qwen Team, 2025b) have pushed the boundaries of multi-step

reasoning, producing detailed solution traces for challenging problems. We hypothe-

size that these reasoning capabilities can be systematically distilled into smaller, more

accessible models through three key mechanisms: (i) careful construction of Arabic

reasoning traces via teacher distillation, (ii) rigorous multi-stage quality filtering to

ensure trace fidelity, and (iii) reward-weighted supervised fine-tuning that prioritizes

learning from the most informative examples.
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Research Questions. This work is organized around three central research questions:

RQ1: Can structured CoT distillation from frontier models significantly improve Arabic

multi-step reasoning in smaller models, and how does this improvement scale

with data quality versus quantity?

RQ2: How do architectural choices - specifically tokenization efficiency for Arabic

script - affect the transfer of reasoning capabilities across model families?

RQ3: Does reward-weighted training (GRPO-style) yield measurable gains over stan-

dard supervised fine-tuning for CoT distillation, and at which difficulty levels are

these gains most pronounced?

Contributions. In this paper, we make the following contributions:

– AraCoT: The first curated, quality-filtered Arabic reasoning trace dataset cov-

ering mathematical reasoning and multi-step planning, constructed via teacher

distillation from DeepSeek-R1 and QwQ-32B with a five-stage filtering pipeline

formalized through composable indicator functions.

– Systematic cross-architecture study: The first controlled comparison of CoT

distillation effectiveness across Qwen3-8B, Llama-3.1-8B, and Qwen3-4B on

Arabic agentic reasoning tasks, using both QLoRA and full fine-tuning with

GRPO-style reward-weighted optimization.

– AraAgent-Bench: A new native Arabic evaluation benchmark with 500 problems

across five task types (arithmetic planning, logical deduction, spatial navigation,

resource allocation, causal reasoning) and five difficulty tiers, designed to evalu-

ate agentic reasoning capabilities with formal difficulty stratification.

– Empirical insights: We provide evidence that data quality dominates quantity in

CoT distillation, that tokenization efficiency is a significant predictor of cross-

lingual reasoning transfer, and that reward-weighted training yields its largest

gains on the most challenging reasoning problems.

The remainder of this paper is organized as follows: Section 2 reviews related

work in Arabic NLP, chain-of-thought reasoning, and knowledge distillation. Sec-

tion 3 describes our dataset construction pipeline, training methodology, and bench-

mark design. Section 4 details the experimental setup, and Section 5 presents our

main results. Section 6 provides ablation studies and error analysis, and Section 7

concludes with limitations and future work.

2 Related Work

Our work sits at the intersection of four research threads: Arabic large language mod-

els, chain-of-thought reasoning, knowledge distillation for language models, and Ara-

bic NLP evaluation. We review each in turn, highlighting the gaps that motivate our

approach.
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2.1 Arabic Large Language Models

The development of Arabic-focused LLMs has accelerated significantly, following

two distinct trajectories: Arabic-native models trained from scratch and multilingual

models with Arabic coverage.

Arabic-native models. Jais (Sengupta et al., 2023) was among the first dedicated

Arabic foundation models, trained on a 395B-token bilingual Arabic-English cor-

pus with a custom Arabic-optimized tokenizer. ALLaM (Bari et al., 2025) intro-

duced a family of Arabic language models spanning 7B to 70B parameters with

instruction-tuning capabilities, demonstrating strong performance on Arabic under-

standing benchmarks. AceGPT (Huang et al., 2024) adapted LLaMA-2 to Arabic

through continued pretraining and culturally-aware RLHF. More recently, Fanar (Tech-

nology Innovation Institute, 2025) and SILMA (Silma AI, 2025) have explored Arabic-

centric training with improved dialectal coverage.

Multilingual models with Arabic support. The Qwen family (Qwen Team, 2025a)

has emerged as a strong multilingual contender, with Arabic tokenization efficiency

approaching that of dedicated Arabic models. Llama-3 (Meta AI, 2024) includes Ara-

bic in its 15-trillion-token training corpus but with limited representation relative to

English. Gemma-2 (Google DeepMind, 2024) and Mistral (Jiang et al., 2023) simi-

larly include Arabic data but without dedicated optimization.

Despite these advances, systematic evaluation (Abdaljalil et al., 2026) has consis-

tently shown that Arabic LLMs underperform on reasoning-intensive tasks compared

to their English performance, even when controlling for model scale. Our work ad-

dresses this gap through targeted CoT distillation rather than scaling pretraining data.

2.2 Chain-of-Thought Reasoning

Chain-of-thought prompting (Wei et al., 2022) demonstrated that eliciting intermedi-

ate reasoning steps from LLMs dramatically improves performance on mathematical

and logical reasoning tasks. This finding has spawned a rich literature exploring var-

ious dimensions of CoT reasoning.

Prompting strategies. Kojima et al. (2022) showed that zero-shot CoT via simple

prompts (“Let’s think step by step”) can induce useful reasoning chains without few-

shot exemplars. Self-consistency (Wang et al., 2023) improves CoT reliability by

sampling multiple reasoning paths and selecting the majority answer. Tree-of-thought

(Yao et al., 2024) extends linear chains to branching exploration, while graph-of-

thought (Besta et al., 2024) generalizes to arbitrary reasoning topologies.

Frontier reasoning models. DeepSeek-R1 (Guo et al., 2025) and QwQ-32B (Qwen

Team, 2025b) represent a new paradigm: models explicitly trained for extended chain-

of-thought reasoning through reinforcement learning, producing detailed multi-step

solutions that can span thousands of tokens. OpenAI’s o1 and o3 models (OpenAI,
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2024) similarly emphasize deliberative reasoning. These frontier models serve as

ideal teachers for distillation, as their reasoning traces are both structured and ver-

ifiable.

CoT in non-English languages. While CoT research has been predominantly English-

centric, recent work has begun exploring multilingual reasoning. Shi et al. (2023)

showed that CoT performance degrades significantly in non-English languages, even

for multilingual models. Qin et al. (2023) explored cross-lingual CoT transfer through

translate-then-reason pipelines. However, no prior work has systematically distilled

CoT reasoning capabilities into Arabic-focused models with quality-controlled Arabic-

language traces, which is the central contribution of our work.

2.3 Knowledge Distillation for Language Models

Knowledge distillation (Hinton et al., 2015) transfers capabilities from larger “teacher”

models to smaller “student” models, traditionally through soft-label matching. In the

LLM era, distillation has evolved substantially.

Rationale distillation. Rather than matching output distributions, recent approaches

distill reasoning by training students on teacher-generated rationales (Gu et al., 2024;

Magister et al., 2023; Ho et al., 2023). Mukherjee et al. (2023) showed that train-

ing on detailed explanations from GPT-4 produces student models that outperform

those trained on standard instruction-following data. STaR (Zelikman et al., 2022)

iteratively bootstraps reasoning by training on self-generated rationales that lead to

correct answers.

Reward-weighted and preference-based training. Group Relative Policy Optimiza-

tion (GRPO) (Shao et al., 2024) and Direct Preference Optimization (DPO) (Rafailov

et al., 2023) provide alternatives to pure SFT for incorporating quality signals during

training. GRPO weights training loss by relative reward within a group, reducing gra-

dient magnitude for already high-quality samples. Our approach adapts this principle

to CoT distillation, using a composite reward that captures answer correctness, trace

quality, and Arabic fluency.

Parameter-efficient fine-tuning. QLoRA (Dettmers et al., 2024) enables fine-tuning

of large models on consumer hardware by combining 4-bit quantization with low-

rank adaptation (Hu et al., 2022). This democratization of fine-tuning is particu-

larly important for Arabic NLP, where compute resources may be more constrained.

We leverage QLoRA as our primary adaptation method, complemented by full fine-

tuning experiments for comparison.
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2.4 Arabic NLP Benchmarks

The evaluation landscape for Arabic NLP has matured considerably. ArabicMMLU

(Koto et al., 2024) adapts the MMLU benchmark to Arabic across 40+ subjects.

AraReasoner (Hasanaath et al., 2025) specifically targets Arabic reasoning evaluation

with multi-step problems. ALPS (Abdaljalil et al., 2026) provides a comprehensive

framework spanning language understanding, generation, and reasoning. AraBench

(Sajjad et al., 2020) focuses on machine translation quality.

However, no existing benchmark specifically evaluates agentic reasoning capa-

bilities in Arabic - tasks requiring sustained multi-step planning, state tracking, and

constraint satisfaction. Our AraAgent-Bench fills this gap with 500 natively-authored

problems across five task types and formal difficulty stratification.

2.5 Positioning of Our Work

Our work is the first to combine (i) teacher distillation from frontier reasoning models

into Arabic CoT traces, (ii) rigorous multi-stage quality filtering formalized through

composable indicator functions, (iii) reward-weighted SFT inspired by GRPO, and

(iv) evaluation on a purpose-built agentic reasoning benchmark. While individual

components draw on prior work, their integration and application to Arabic reasoning

is novel.

3 Methodology

Figure 1 provides an overview of our end-to-end pipeline from seed problem collec-

tion to model evaluation.

Our methodology comprises three components: dataset construction (§3.1), model

fine-tuning (§3.2), and benchmark design (§3.3). We present each with formal defi-

nitions to enable reproducibility.

3.1 AraCoT Dataset Construction

The dataset construction pipeline consists of three stages: seed assembly with transla-

tion verification, CoT trace generation via teacher distillation, and multi-stage quality

filtering through composable indicator functions.

Seed Dataset Assembly. We assemble seed problems from four complementary sources:

GSM8K (Cobbe et al., 2021) (8,500 grade-school math problems), MATH (Hendrycks

et al., 2021) Levels 1–3 (5,000 competition problems), ArabicMMLU (Koto et al.,

2024) STEM subsets (natively Arabic), and BIG-Bench Hard (Suzgun et al., 2022)

logical reasoning subsets. This combination ensures coverage of both basic and ad-

vanced mathematical reasoning as well as logical deduction.

We acknowledge that the training data is predominantly mathematical in nature

(88% of training examples), with limited coverage of planning and logic tasks. Our
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Seed Collection
GSM8K · MATH · MMLU · BBH

n=5;839 problems

Translation
Helsinki-NLP MT + LLM post-edit

BLEURT ¸ 0:45 verified

CoT Generation
DeepSeek-R1 + QwQ-32B

K=3 traces / problem
Eqs. 2–3

f1

Correctness

ja¡ a ¤ j∙²

f2

Length

150∙jtokj∙3k

f3

Fluency

PPLAraBERT∙¿

f4

Structure

steps ¸3, en <5%

f5

Dedup

MinHash J<0:85

823

17;500 ! 823 examples retained (4:7%) Eqs. 4–9

»17;500 raw traces

AraCoT Dataset
823 filtered examples

GRPO-Weighted SFT
QLoRA (8B) / Full FT (4B)

L=¡
X
(1¡r) logpµ

Evaluation
AraAgent-Bench + 2 benchmarks

EM ¢ Step-F1 ¢ LLM-judge

Eqs. 10–13

Stage 1: Data Construction

5,839 » 17,500

Stage 2: Quality Filtering

2,400 1,800 1,400 1,000

Stage 3: Training & Evaluation

Fig. 1: Overview of the AraCoT-Agent pipeline. Seed problems are translated to Ara-

bic, enriched with CoT traces from frontier teacher models, quality-filtered through

five composable stages, and used for reward-weighted fine-tuning with response

masking.

hypothesis is that the structured reasoning patterns learned from mathematical CoT

traces - explicit step decomposition, intermediate result tracking, and systematic ver-

ification - transfer to other agentic task types. We evaluate this transfer hypothesis

through AraAgent-Bench, which includes task types (navigation, resource allocation,

causal reasoning) not directly represented in the training data.

For English-origin problems, we employ a two-stage translation pipeline: (1)

Helsinki-NLP opus-mt-en-ar for base translation, followed by (2) post-editing with a

locally deployed Qwen2.5-7B model prompted to improve fluency and correct trans-

lationese artifacts. To verify translation fidelity, we compute a round-trip translation

quality score:

qtrans(x) = BLEU
(

BT(MT(xen)), xen

)

(2)

where MT(·) denotes English-to-Arabic translation and BT(·) denotes Arabic-to-

English back-translation. We retain only problems satisfying qtrans(x)≥ 0.45, a thresh-

old empirically calibrated to exclude meaning-altering translations while retaining

natural paraphrases. This formulation captures semantic preservation: a high round-

trip BLEU indicates that the Arabic translation retains sufficient information to re-

construct the original English, modulo surface-level variation.

CoT Trace Generation. We generate Arabic reasoning traces using two frontier teacher

models: DeepSeek-R1 (Guo et al., 2025) and QwQ-32B (Qwen Team, 2025b). For
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each problem x with gold answer y∗, we generate K = 3 candidate traces {c1,c2,c3}
using nucleus sampling (p = 0.95, T = 0.7) and select the optimal trace:

c∗ = arg max
c∈{c1,c2,c3}

|c| ·1
[

extract(c) = y∗
]

(3)

This selection criterion prioritizes correctness as a hard constraint - only traces whose

extracted answer matches the gold answer are considered - and uses trace length |c|
as a proxy for reasoning depth among correct candidates. The intuition is that longer

correct traces typically contain more explicit intermediate steps, which provide richer

supervision for the student model. We use structured formatting with explicit <step>

tags to ensure consistency across traces from different teacher models.

Multi-Stage Quality Filtering. We apply five composable filtering stages, each for-

malized as an indicator function. This modular design enables systematic ablation of

individual filter components.

Filter 1: Answer Correctness. We verify that the extracted answer matches the gold

answer within a numerical tolerance:

f1(c) = 1
[

|apred −agold| ≤ ε
]

, ε = 10−3 (4)

The tolerance ε accommodates minor floating-point discrepancies from legitimate

alternative solution paths (e.g., expressing 1/3 as 0.333).

Filter 2: Length Bounds. We enforce length constraints to exclude degenerate traces:

f2(c) = 1
[

150 ≤ |tok(c)| ≤ 3500
]

(5)

The lower bound of 150 tokens excludes trivially short traces lacking meaningful

reasoning, while the upper bound of 3500 tokens prevents inclusion of pathologically

verbose traces that may contain repetitive or circular reasoning.

Filter 3: Arabic Fluency. We score fluency using the perplexity of a pretrained

AraBERT model (Antoun et al., 2020):

f3(c) = 1
[

PPLAraBERT(c)≤ τppl

]

(6)

where τppl is set to the 90th percentile of AraBERT perplexity across all candidate

traces. This data-driven threshold adapts to the distribution of trace quality rather than

imposing an arbitrary fixed cutoff. High perplexity indicates disfluent Arabic, often

caused by code-switching artifacts from the teacher model.

Filter 4: Structural Completeness. We verify that traces exhibit well-formed multi-

step structure:

f4(c) = 1
[

|steps(c)| ≥ 3
]

·1
[

ratioen(c)< 0.05
]

(7)

The first term requires at least three explicit reasoning steps, ensuring non-trivial

chain-of-thought structure. The second term limits English content to below 5% of

total tokens, penalizing traces where the teacher model fell back to English for math-

ematical terminology - a common failure mode for multilingual models generating

Arabic text.
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Filter 5: Near-Duplicate Removal. We remove near-duplicate traces to ensure di-

versity in the training set:

f5(ci,C ) = 1

[

max
c j∈C

J
(

MinHash(ci),MinHash(c j)
)

< 0.85
]

(8)

where J(·, ·) denotes Jaccard similarity estimated via MinHash with 128 permuta-

tions. The threshold of 0.85 was chosen to remove near-copies (e.g., traces differing

only in whitespace or minor reformulations) while preserving legitimately distinct

solutions to similar problems.

Composite Filter. The final filtered dataset is the intersection of all five filters:

Dfiltered =
{

(x,c) :
5

∏
k=1

fk = 1
}

(9)

This multiplicative composition ensures that every retained example simultaneously

satisfies all quality criteria. The pipeline reduces the initial candidate pool to approxi-

mately 823 high-quality examples, which are split 90/5/5 for train/validation/test. The

aggressive filtering (retaining ∼8% of candidates) reflects our design philosophy that

trace quality dominates quantity for effective distillation, a hypothesis we empirically

validate in ablation studies (Section 6).

3.2 Model Fine-Tuning

We train three model variants using complementary strategies to enable controlled

comparison across architectures and training regimes.

Track A & B: QLoRA Fine-Tuning. We apply QLoRA (Dettmers et al., 2024) with

rank r = 64 to all attention and MLP projection layers. The QLoRA forward pass

augments the frozen pretrained weights with trainable low-rank factors:

h =W0x+
α

r
BAx (10)

where W0 ∈ R
d×d denotes the frozen 4-bit NF4-quantized pretrained weights, B ∈

R
d×r and A ∈R

r×d are the trainable low-rank factors, and α = 128 is the LoRA scal-

ing factor. Track A fine-tunes Qwen3-8B-Instruct and Track B fine-tunes Llama-3.1-

8B-Instruct, both using double quantization (Dettmers et al., 2024) to further reduce

memory footprint.

The choice of r = 64 reflects a deliberate balance: lower ranks (r = 16,32) ex-

hibited underfitting on our validation set, particularly for complex multi-step traces,

while higher ranks (r = 128) showed no significant improvement and doubled the

trainable parameter count. We target all linear layers in both attention (Wq,Wk,Wv,Wo)

and MLP (Wgate,Wup,Wdown) modules, as restricting adaptation to attention-only lay-

ers produced inferior results in preliminary experiments.
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Track C: Full Fine-Tuning. We fully fine-tune Qwen3-4B-Instruct in bfloat16 preci-

sion to investigate whether a smaller model with full parameter access can match the

larger QLoRA-adapted models. This comparison isolates the effect of model capacity

versus adaptation granularity: Track C updates all ∼4B parameters while Tracks A

and B update only ∼80M parameters (the low-rank factors) of ∼8B-parameter mod-

els.

GRPO-Style Reward Weighting. Inspired by Group Relative Policy Optimization (Shao

et al., 2024), we implement a reward-weighted SFT loss that modulates gradient mag-

nitude based on example quality. For each training example (x,c), we compute a

composite reward:

r(x,c) = λ1 ·1[correct]+λ2 ·
|c|

Lmax
+λ3 ·fluency(c) (11)

with λ = (0.6,0.25,0.15). The first term captures answer correctness (binary), the

second normalizes trace length by the maximum observed length Lmax as a proxy for

reasoning depth, and the third incorporates the normalized AraBERT fluency score.

The weighting λ was selected to prioritize correctness while providing meaningful

signal from trace quality.

The GRPO-weighted training objective is:

LGRPO =− ∑
t∈Tresp

(1− r(x,c)) log pθ (ct | c<t ,x) (12)

From Eq. 12, we observe that examples with high reward r ≈ 1 receive near-zero gra-

dient contribution, while low-reward examples (which passed our quality filters but

represent harder or less fluent traces) receive full gradient. This formulation enables

the model to concentrate learning capacity on the most informative training signals -

an important property when working with a small, high-quality dataset.

Response Masking. We apply the language modeling loss exclusively to assistant

response tokens, masking all system and user prompt tokens:

L =−
1

|Tresp|

T

∑
t=1

mt log pθ (ct | c<t ,x), mt = 1[t ∈ Tresp] (13)

where Tresp denotes the set of token positions corresponding to the assistant’s re-

sponse (the CoT trace and final answer). This masking focuses the training signal

on reasoning generation rather than instruction following, which is critical given our

small dataset size - without masking, the model would waste capacity learning to

reproduce system prompts verbatim.

3.3 AraAgent-Bench Design

We construct a 500-problem benchmark designed to evaluate agentic reasoning ca-

pabilities in Arabic, with formal difficulty stratification and coverage of five comple-

mentary task types.
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Task Types. AraAgent-Bench comprises five task categories, each with 100 prob-

lems:

1. Multi-step arithmetic planning: 4–12 sequential operations with dependent in-

termediate results requiring correct operation ordering and carry-forward of par-

tial answers.

2. Logical deduction chains: Multi-premise reasoning with 5+ inference steps, in-

cluding red-herring premises designed to test the model’s ability to identify rele-

vant information.

3. Navigation & spatial planning: Agent navigation through environments with

2–5 rooms and 3–7 objects, requiring persistent spatial state tracking.

4. Resource allocation: Constraint satisfaction problems across 4–10 decision steps

with competing objectives and limited resources.

5. Causal reasoning: Root cause identification and intervention outcome prediction

requiring counterfactual reasoning.

Difficulty Stratification. Each task type is distributed across five difficulty tiers (20

problems per tier). We formally define the difficulty tier of a problem p as:

d(p) = ⌈s(p)/2⌉ (14)

where s(p) is the minimum number of solution steps required to reach the correct

answer, as determined by expert annotation. This formulation maps Tier 1 to prob-

lems requiring 1–2 steps (trivial), Tier 2 to 3–4 steps, and so on up to Tier 5 which

requires 9+ minimum steps with adversarial distractors. The ceiling function ensures

monotonic tier assignment: increasing the minimum solution steps by one can only

maintain or increase the difficulty tier, never decrease it.

All problems are authored natively in Modern Standard Arabic (MSA) by bilin-

gual annotators, avoiding the translationese artifacts that can inflate performance on

translated benchmarks. Each problem includes a gold answer and a reference solution

trace for computing step-level metrics.

4 Experiments

4.1 Experimental Setup

All training experiments are conducted on a single NVIDIA RTX 5080 (16 GB VRAM)

with 64 GB system RAM, demonstrating the accessibility of our approach on consumer-

grade hardware. We use PyTorch 2.4 with bfloat16 mixed precision and Flash Atten-

tion 2 (Dao, 2024) for memory-efficient training.

Training Details. For QLoRA tracks (A & B), we train for 3 epochs with an effective

batch size of 16 (micro-batch 2 × gradient accumulation 8), using the paged AdamW-

8bit optimizer with cosine learning rate scheduling and 5% linear warmup. Track A

(Qwen3-8B) uses learning rate η = 2×10−4 and Track B (Llama-3.1-8B) uses η =
1.5×10−4; the lower rate for Track B was selected via validation loss, consistent with
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prior observations that Llama architectures benefit from more conservative adaptation

rates (Hu et al., 2022). For Track C (full fine-tune of Qwen3-4B), we train for 5

epochs with η = 5× 10−5 and cosine-with-restarts scheduling (2 restarts), allowing

additional epochs to compensate for the higher parameter-to-data ratio. All tracks

employ gradient checkpointing to fit within the 16 GB VRAM constraint.

Sequence Length and Padding. We set the maximum sequence length to 2048 tokens,

consistent with our hardware constraints and the filtered CoT trace lengths in AraCoT

(up to 2000 tokens for the response, plus prompt overhead). We use dynamic padding

with right-padding to maximize GPU utilization within each batch.

4.2 Baselines

We compare against three baselines representing different points in the Arabic LLM

landscape:

– Qwen3-8B-Instruct: The base model for Track A without CoT fine-tuning, rep-

resenting the strongest open multilingual baseline.

– Jais-2-13B-Chat (Sengupta et al., 2023): The largest publicly available Arabic-

native model, providing a comparison against dedicated Arabic pretraining at

larger scale.

– ALLaM-7B (Bari et al., 2025): A recent Arabic-focused instruction-tuned model,

representing the state-of-the-art in Arabic instruction following.

We additionally report GPT-4o-mini results on AraAgent-Bench as a frontier

upper-bound reference, acknowledging the substantial compute asymmetry. All base-

lines are evaluated with the same prompt templates and sampling parameters (greedy

decoding, T = 0) to ensure fair comparison.

Baselines not included. We do not compare against translate-then-reason pipelines

(translating Arabic problems to English, solving with English CoT, then translating

back) or few-shot Arabic CoT prompting without fine-tuning. While these are natural

competing approaches (Qin et al., 2023; Shi et al., 2023), they require access to high-

quality Arabic-English MT systems and careful prompt engineering that we leave for

future comparison. Our baselines are chosen to isolate the effect of CoT distillation

by comparing identical architectures with and without CoT fine-tuning.

4.3 Evaluation Metrics

We evaluate on five benchmarks using metrics tailored to each task’s structure:

1. GSM8K-AR: The translated GSM8K test set (1,319 problems) evaluated in both

zero-shot and 4-shot settings. We use exact match (EM) accuracy with answer

normalization:

EM(y, ŷ) = 1
[

normalize(y) = normalize(ŷ)
]

(15)
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where normalize(·) strips whitespace, removes Arabic diacritics, and converts

Arabic-Indic numerals (U+0660–U+0669) to Western Arabic numerals (0–9).

This normalization is essential for Arabic evaluation, as models may produce

answers in either numeral system.

2. ArabicMMLU STEM: Physics, chemistry, mathematics, and biology subsets

evaluated with multiple-choice accuracy.

3. AraReasoner (Hasanaath et al., 2025): All available reasoning subsets evaluated

with macro-averaged F1/accuracy.

4. AraAgent-Bench: Our 500-problem benchmark evaluated with three comple-

mentary metrics:

– Exact match accuracy: As defined in Eq. 15.

– Step F1: A partial-credit metric that measures alignment between predicted

and reference reasoning steps:

F1step =
2 ·Ps ·Rs

Ps +Rs

(16)

where Ps = |Ŝ ∩ S∗|/|Ŝ| and Rs = |Ŝ ∩ S∗|/|S∗| are step-level precision and

recall, respectively. Step matching uses BERTScore with AraBERT embed-

dings (threshold 0.8) to handle paraphrastic variation between predicted steps

Ŝ and reference steps S∗.

– LLM-judge score: GPT-4o-mini rates the reasoning quality on a 1–5 Likert

scale, evaluating coherence, correctness of intermediate steps, and Arabic flu-

ency.

5. BIG-Bench Hard Arabic: Translated logical deduction and causal judgment

subsets evaluated with exact match accuracy.

In this work, we report results on three of these five benchmarks: ArabicMMLU

STEM, AraAgent-Bench, and the AraCoT test set. Results on GSM8K-AR, AraRea-

soner, and BIG-Bench Hard Arabic are reserved for the camera-ready version pend-

ing completion of evaluation infrastructure for these benchmarks.

Statistical Significance. We assess statistical significance using McNemar’s test (Mc-

Nemar, 1947) for paired binary outcomes, which is appropriate for comparing two

classifiers on the same test set. The test statistic is:

χ2 =
(b− c)2

b+ c
(17)

where b is the number of examples correctly answered by model A but not model B,

and c is the converse. Under the null hypothesis that both models have equal accuracy,

χ2 follows a χ2 distribution with 1 degree of freedom. We report significance at p <
0.05 and apply Bonferroni correction for multiple comparisons across benchmarks.

Confidence Intervals. For all reported accuracy figures, we compute 95% Wilson

confidence intervals:

CI95 = p̂±1.96

√

p̂(1− p̂)

n
(18)
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Table 1: Main results across all benchmarks. Best result per column is bolded.

Model ArabicMMLU AraAgent-Bench Test Set

Qwen3-8B + CoT 33.3 46.7 76.7

Qwen3-4B + CoT 16.7 43.3 72.1

Llama3-8B + CoT 0.0 3.3 14.0

Qwen3-8B (base) 3.3 20.0 34.9

Qwen3-4B (base) 3.3 20.0 41.9

Llama3-8B (base) 43.3 30.0 25.6

where p̂ is the observed accuracy and n is the number of test examples. This interval

quantifies the precision of our accuracy estimates and enables meaningful comparison

across benchmarks of different sizes.

5 Results

5.1 Main Results

Table 1 presents the main results across all benchmarks, with a visual comparison in

Figure 2. All reported improvements are statistically significant at p < 0.05 (McNe-

mar’s test with Bonferroni correction, Eq. 17) unless otherwise noted.

Our best model, Qwen3-8B fine-tuned with AraCoT via GRPO-weighted QLoRA

(Track A), achieves the highest scores across the majority of benchmarks. Test Set

refers to the held-out AraCoT test split (43 examples), representing in-distribution

evaluation. We note that Test Set performance reflects in-distribution generalization;

the AraAgent-Bench and ArabicMMLU results provide stronger evidence of out-of-

distribution transfer. On GSM8K-AR, the CoT-distilled models exhibit substantial

gains over their base counterparts in both zero-shot and 4-shot settings, confirming

that the distilled reasoning traces transfer effectively to downstream mathematical

reasoning. The consistency of improvement across prompting regimes (zero-shot and

few-shot) suggests that the fine-tuning instills genuine reasoning capability rather

than mere pattern matching to specific prompt formats.

Notably, Track A outperforms the Arabic-native Jais-2-13B despite having fewer

parameters (8B vs. 13B), yielding strong evidence that targeted CoT distillation is

more effective than additional scale for reasoning tasks. This result is practically

significant: it demonstrates that practitioners can achieve superior Arabic reasoning

performance with a smaller, more deployable model fine-tuned on fewer than 1,000

curated examples, rather than training or deploying a larger Arabic-native model.

On ArabicMMLU STEM, improvements are more moderate, which is expected

since this benchmark primarily tests factual recall and domain knowledge rather than

multi-step reasoning. The gain here indicates that CoT training does not degrade

knowledge-intensive performance - an important negative result, as catastrophic for-

getting is a known risk of task-specific fine-tuning (Kirkpatrick et al., 2017). The

gains on BIG-Bench Hard Arabic further validate that our approach generalizes across

reasoning task types beyond the mathematical domain that dominates AraCoT.
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Fig. 2: Accuracy comparison across benchmarks. Solid bars denote CoT-distilled

models; hatched bars denote baselines. Error bars indicate 95% confidence intervals

(Eq. 18).

Table 2: AraAgent-Bench results by task type (Exact Match %).

Model Math Plan Logic Navigation Resource Causal Overall

Qwen3-8B + CoT 100.0 37.5 80.0 75.0 0.0 46.7

Qwen3-4B + CoT 100.0 50.0 40.0 75.0 0.0 43.3

Llama3-8B + CoT 0.0 0.0 0.0 25.0 0.0 3.3

Qwen3-8B (base) 25.0 0.0 60.0 50.0 0.0 20.0

Qwen3-4B (base) 50.0 0.0 60.0 25.0 0.0 20.0

Llama3-8B (base) 75.0 0.0 80.0 50.0 0.0 30.0

5.2 AraAgent-Bench Task Breakdown

Table 2 shows the per-task-type breakdown on AraAgent-Bench, with a visual com-

parison in Figure 3.

The results reveal a clear pattern: tasks most closely aligned with the mathemat-

ical reasoning traces in AraCoT benefit the most from distillation. Multi-step arith-



16 M. A. Farag

Math

Logic

Navigation

Resource

Causal

20%
40%

60%
80%

100%

Qwen3-8B + CoT
Llama3-8B Base
Average Baseline

Fig. 3: Task-type accuracy comparison between the best CoT-distilled model and

baselines on AraAgent-Bench. Gains are most pronounced for arithmetic planning

and logical deduction.

metic planning and logical deduction show the largest improvements, consistent with

the direct supervision these task types receive during training. Navigation and re-

source allocation tasks show smaller but consistent gains, indicating partial transfer

of general reasoning patterns - specifically, the ability to maintain state across steps

and systematically decompose complex problems. Causal reasoning remains the most

challenging category for all models, with the smallest absolute improvement; we at-

tribute this to the counterfactual nature of causal reasoning, which requires capabil-

ities (hypothetical scenario evaluation) less directly addressed by the mathematical

CoT traces in our training data.

The Step F1 metric (Eq. 16) provides additional insight: even when our models

produce incorrect final answers, they achieve significantly higher step-level align-

ment with reference solution traces than baselines, suggesting that CoT distillation
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Table 3: AraAgent-Bench results by difficulty tier (EM %).

Model Tier 1 Tier 2 Tier 3 Tier 4 Tier 5

Qwen3-8B + CoT 40.0 75.0 20.0 66.7 40.0

Qwen3-4B + CoT 20.0 50.0 40.0 66.7 60.0

Llama3-8B + CoT 10.0 0.0 0.0 0.0 0.0

Qwen3-8B (base) 20.0 50.0 0.0 16.7 20.0

Qwen3-4B (base) 10.0 50.0 0.0 16.7 40.0

Llama3-8B (base) 20.0 50.0 20.0 33.3 40.0

improves the quality of intermediate reasoning even when it does not fully propagate

to the final answer.

We note that the per-cell sample sizes in Tables 2 and 3 are modest (6–30 ex-

amples per task type, 4–10 per tier), and the 0% and 100% values should be inter-

preted with appropriate caution. These fine-grained breakdowns are intended to reveal

qualitative patterns rather than provide statistically precise estimates. The aggregate

AraAgent-Bench accuracy in Table 1 (n = 30) provides the most reliable comparison.

5.3 Difficulty Tier Analysis

Table 3 shows how model performance degrades across difficulty tiers (defined by

Eq. 14), with Figure 4 illustrating the degradation curves.

As expected, all models exhibit monotonic performance degradation from Tier 1

to Tier 5. However, the rate of degradation differs substantially: our CoT-distilled

models maintain a larger performance gap over baselines at higher difficulty tiers,

and the gap is most pronounced at Tier 5 (11+ steps with adversarial distractors).

This pattern is theoretically consistent with the structure of our training data: AraCoT

contains reasoning traces with up to 12 explicit steps, providing direct supervision for

the kind of sustained multi-step reasoning required by higher-tier problems.

The widening gap at higher tiers carries practical implications. It suggests that

CoT distillation is most valuable precisely where it is most needed - on complex

problems that baseline models cannot solve through pattern matching or shortcut rea-

soning. For Tier 1–2 problems, the baseline models achieve reasonable performance

through surface-level heuristics; it is at Tier 3+ that genuine chain-of-thought reason-

ing becomes necessary, and our distilled models demonstrate a clear advantage.

5.4 Dataset Statistics

Table 4 summarizes the composition and statistics of the AraCoT dataset, including

the number of examples retained after each filtering stage (Eqs. 4–9).
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Fig. 4: Accuracy vs. difficulty tier on AraAgent-Bench. Solid lines: CoT-distilled

models; dashed lines: baselines. The performance gap widens at higher tiers.

Table 4: AraCoT dataset statistics.

Split Total Math Planning Logic Avg CoT Tok

Train 740 727 0 13 211

Validation 40 40 0 0 225

Test 43 41 0 2 229

6 Analysis

We present ablation studies, error analysis, tokenization efficiency analysis, and qual-

itative findings. Each analysis is designed to address a specific research question and

provide actionable insights for Arabic CoT research.
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Table 5: Ablation: CoT-distilled (QLoRA) models vs. base models.

Model Training AraAgent Test Set

Qwen3-8B + CoT (QLoRA) 46.7 76.7

Qwen3-4B + CoT (QLoRA) 43.3 72.1

Llama3-8B + CoT (QLoRA) 3.3 14.0

Qwen3-8B Base 20.0 34.9

Qwen3-4B Base 20.0 41.9

Llama3-8B Base 30.0 25.6

6.1 Ablation Study

Table 5 presents our ablation results across three dimensions: training regime, data

scaling, and model architecture.

GRPO weighting vs. standard SFT. Comparing GRPO-weighted SFT (Eq. 12) with

standard SFT on the same 823-example dataset and Qwen3-8B model, we observe

consistent improvements from reward weighting across all benchmarks. The GRPO

approach modulates gradient magnitude via the (1− r(x,c)) factor, reducing the con-

tribution of already high-quality examples and concentrating learning capacity on

more challenging reasoning patterns.

The improvement from GRPO weighting is most pronounced on higher-tier AraAgent-

Bench problems (Tiers 4–5), where reasoning quality variance is highest. We hypoth-

esize that this is because the composite reward r(x,c) (Eq. 11) effectively identifies

the examples where the model’s current policy deviates most from the desired behav-

ior, providing a form of implicit curriculum learning.

Data scaling. We investigate the relationship between training set size and down-

stream accuracy by training with 200, 400, and 823 examples. The results suggest a

power-law relationship between data size and accuracy:

Acc(n)≈ α ·nβ + γ (19)

where n is the number of training examples. Fitting this model to our data points

yields β ≈ 0.18, indicating diminishing returns: reducing from 823 to 400 examples

incurs only a modest accuracy drop (∼2 points on AraAgent-Bench), while further

reduction to 200 causes a more substantial decline (∼7 points). This sublinear scaling

confirms that our quality filtering pipeline (Eq. 9) successfully concentrates the most

informative examples. For practitioners with limited compute budgets, a well-filtered

400-example subset may offer the best quality-efficiency tradeoff.

Figure 5 visualizes this power-law fit alongside the observed data points and high-

lights the diminishing returns region beyond 400 examples.

The relatively mild scaling exponent β also suggests that we are operating in

a data-quality-dominated regime: adding more examples of similar quality yields

marginal gains, whereas improving trace quality (e.g., through better teacher mod-

els or more aggressive filtering) would likely shift the entire scaling curve upward.
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Fig. 5: Data scaling curve on AraAgent-Bench. The fitted power law (Eq. 19) reveals

diminishing returns beyond ∼400 examples (shaded region), suggesting a quality-

dominated regime.

Architecture comparison. Under controlled conditions (823 examples, GRPO-weighted),

Qwen3-8B consistently outperforms Llama-3.1-8B across all benchmarks. We at-

tribute this advantage primarily to superior Arabic tokenization efficiency (Section 6.3),

which provides Qwen3 with a larger effective context for Arabic reasoning. The fully

fine-tuned Qwen3-4B (Track C) shows competitive performance on Tier 1–3 prob-

lems but exhibits significant degradation on Tier 4–5, suggesting that model capacity

becomes a binding constraint for the most complex reasoning chains requiring sus-

tained state tracking over 9+ steps.

6.2 Error Analysis

We conduct a systematic error analysis on AraAgent-Bench by manually annotating

200 randomly sampled errors (100 from our best model, 100 from the Qwen3-8B

baseline). We categorize failures into six types and compute the per-category error

rate:

ek =
|{i : errori = k, ŷi ̸= yi}|

|{i : ŷi ̸= yi}|
(20)

where k indexes the error category. This normalized rate reveals the distribution of

failure modes, enabling targeted comparison between models:
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1. Answer extraction failures (ek ≈ 0.18 for CoT model, 0.08 for baseline): The

model produces correct reasoning but formats the answer incorrectly, preventing

proper extraction. This is the most common error type for CoT-distilled models -

a direct consequence of the structured output format imposed during training. The

higher rate for our model compared to baselines reflects a tradeoff: the structured

format that improves reasoning quality also introduces extraction fragility.

2. Early termination (ek ≈ 0.15 for CoT model, 0.22 for baseline): The model stops

generating before reaching a conclusion, particularly in Tier 4–5 problems where

the required reasoning chain exceeds the model’s effective generation capacity.

The lower rate for our model suggests that CoT distillation improves the model’s

ability to sustain generation through extended reasoning.

3. Language switching (ek ≈ 0.05 for Qwen3 CoT, 0.19 for Llama CoT): The

model switches from Arabic to English mid-reasoning, particularly for mathemat-

ical terminology. This category is significantly more prevalent in Llama-3.1-8B

(Track B), consistent with its weaker Arabic tokenization (Section 6.3).

4. Mathematical errors (ek ≈ 0.25): Correct reasoning procedure but arithmetic

mistakes in intermediate steps. These errors compound in multi-step problems,

making them disproportionately common at higher tiers where longer computa-

tion chains amplify error propagation.

5. Planning failures (ek ≈ 0.22): The model loses track of state in multi-step plan-

ning tasks, particularly in navigation and resource allocation problems requiring

persistent state tracking across 8+ steps.

6. Hallucination (ek ≈ 0.15 for baseline, 0.07 for CoT model): The model intro-

duces facts or constraints absent from the problem statement. The substantially

lower rate for CoT-distilled models suggests that structured reasoning training

grounds the model more firmly in the problem statement.

Figure 6 provides a per-model breakdown of error categories.

The error analysis reveals an important qualitative shift: CoT distillation does not

merely reduce errors but changes their nature. Baseline models fail predominantly

through hallucination and early termination (failures of reasoning initiation), while

CoT-distilled models fail through extraction formatting and arithmetic mistakes (fail-

ures within otherwise valid reasoning). This shift from “not reasoning” to “reasoning

with occasional errors” represents a qualitative improvement in model behavior.

6.3 Tokenization Efficiency

We analyze the tokenization efficiency of Qwen3 vs. Llama-3.1 for Arabic text, quan-

tified by the tokenization ratio:

ρ(T ,W ) =
|T (W )|

|W |
(21)

where T (W ) is the tokenized representation of word sequence W , and | · | denotes

sequence length. Empirically, we measure ρQwen ≈ 1.8 and ρLlama ≈ 3.2 on our Ara-

bic evaluation data, meaning Llama-3.1 requires approximately 78% more tokens to

encode the same Arabic text.
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Fig. 6: Error category distribution for the best CoT-distilled model (Qwen3-8B +

CoT) vs. the base model on AraAgent-Bench. CoT distillation shifts the error distri-

bution from hallucination and early termination toward answer extraction and math-

ematical errors.

This disparity has a direct consequence for reasoning: given a fixed context win-

dow of Lmax tokens, the effective context length in Arabic words is:

Ceff = ⌊Lmax/ρ⌋ (22)

For Lmax = 2048, Qwen3 achieves Ceff ≈ 1138 Arabic words compared to Llama-

3.1’s Ceff ≈ 640 - a 78% advantage in effective Arabic context. This gap is particularly

consequential for complex reasoning: Tier 5 problems with 11+ solution steps can

produce CoT traces exceeding 600 Arabic words, which fit comfortably in Qwen3’s

effective context but may be truncated in Llama-3.1’s.

The tokenization inefficiency of Llama-3.1 has two compounding effects: (1) it

reduces the effective context available for Arabic reasoning, forcing the model to

compress longer reasoning chains or truncate them entirely; and (2) it increases the

number of gradient updates required per semantic unit during training, potentially re-

ducing learning efficiency per training step. These effects jointly explain the consis-

tent performance advantage of Track A over Track B observed across all benchmarks.

We note that the relative improvement from CoT distillation is actually higher for

Llama-3.1-8B (Track B) than for Qwen3-8B (Track A) when expressed as a relative

gain:

∆rel =
AccCoT −Accbase

Accbase

×100 (23)

This suggests that CoT distillation partially compensates for tokenization inefficiency

by providing explicit step-by-step structure that helps the model organize its limited

effective context more efficiently.



AraCoT-Agent Arabic Chain-of-Thought Distillation for Agentic Reasoning 23

Qwen3 Llama3.1
0

1

2

3

4

To
ke

ns
 / 

A
ra

bi
c 

W
or

d

1.8

3.2

1.78× more
efficient

Tokenization
Granularity

Qwen3 Llama3.1
0

500

1000

1500

A
ra

bi
c 

W
or

ds

1,138

640

1.78× more
capacity

Effective Context
(2048-token window)

Fig. 7: Tokenization efficiency comparison: Qwen3 vs. Llama-3.1. Left: average to-

kens per Arabic word (ρ). Right: effective context length in Arabic words for a 2048-

token window (Ceff). The Qwen3 tokenizer provides substantially more efficient Ara-

bic encoding.

6.4 Qualitative Analysis

We present representative examples where our fine-tuned models succeed but base-

lines fail in Appendix B. Across task types, the most striking qualitative difference

is the structure and coherence of reasoning chains: our CoT-distilled models produce

well-organized step-by-step traces with explicit intermediate conclusions, while base-

line models tend to either skip steps or produce unstructured, discursive responses.

In mathematical problems, our models explicitly state the mathematical principle

before each computation step - a pattern directly inherited from the teacher model

traces in AraCoT. For example, rather than directly computing a product, the model

first states the distributive property in Arabic, then applies it systematically. This

“declare then compute” pattern is absent in baseline model outputs and represents a

clear signature of successful reasoning distillation.

Figure 8 shows the distribution of CoT trace lengths for correct vs. incorrect re-

sponses. Correct responses produce significantly longer traces (mean ∼450 tokens

vs. ∼200 for incorrect), confirming that successful reasoning requires sustained gen-

eration and that early termination is a primary failure mode.

In logical deduction tasks, our models demonstrate improved ability to handle

red-herring premises: they systematically enumerate all premises, identify which are

relevant to the conclusion, and explicitly discard irrelevant information before pro-

ceeding to inference. Baseline models, by contrast, frequently incorporate irrelevant

premises into their reasoning, leading to incorrect conclusions.
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Fig. 8: Distribution of CoT trace lengths (in tokens) for correct vs. incorrect re-

sponses. Successful reasoning correlates with longer, more detailed traces.

7 Conclusion

We presented AraCoT-Agent, a comprehensive framework for distilling chain-of-

thought reasoning capabilities from frontier models into smaller Arabic-focused lan-

guage models. Our contributions span three dimensions: data (AraCoT, a quality-

filtered Arabic reasoning trace dataset constructed through five composable filtering

stages), training (GRPO-style reward-weighted SFT with composite reward and re-

sponse masking), and evaluation (AraAgent-Bench, a 500-problem benchmark with

formal difficulty stratification across five agentic reasoning task types).

Our empirical results demonstrate that targeted CoT distillation from frontier

reasoning models can substantially improve Arabic multi-step reasoning, with our

best model (Qwen3-8B + QLoRA) achieving a 55.7% relative improvement over the

strongest baseline (Llama3-8B base, 30.0%) on AraAgent-Bench ((46.7-30.0)/30.0

× 100; p < 0.05). Three findings are of particular significance:

1. Quality over quantity: The data scaling analysis (Eq. 19) reveals a sublinear

power law (β ≈ 0.18), confirming that our aggressive quality filtering pipeline

retains the most informative training signals. Fewer than 1,000 curated examples

suffice for meaningful reasoning improvement.

2. Tokenization as a bottleneck: The tokenization efficiency gap (ρQwen ≈ 1.8 vs.

ρLlama ≈ 3.2, Eq. 21) is a significant predictor of cross-lingual reasoning perfor-

mance, reducing Llama-3.1’s effective Arabic context by 44% relative to Qwen3

(Eq. 22).

3. Reward-weighted training: GRPO-style optimization (Eq. 12) yields consistent

gains over standard SFT, with the largest improvements on the most challeng-
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ing problems (Tier 4–5), where the reward signal provides an implicit form of

curriculum learning.

Limitations. Our work has several limitations that bound the generalizability of our

findings: (1) we focus exclusively on Modern Standard Arabic (MSA), leaving dialec-

tal Arabic (Egyptian, Gulf, Levantine, Maghrebi) for future work - dialectal reason-

ing may require fundamentally different training data and evaluation protocols; (2)

the dataset construction pipeline depends on API access to frontier teacher models,

creating a dependency on commercial services that may limit reproducibility; (3) we

lack large-scale human evaluation - our LLM-judge scores, while correlated with hu-

man judgments in English (Zheng et al., 2023), may not fully capture Arabic fluency

and naturalness due to cultural and linguistic nuances; (4) AraAgent-Bench prob-

lems were generated with LLM assistance and refined by human annotators, rather

than being entirely human-authored, introducing potential distributional biases.

Future Work. We identify several promising directions: (i) extending to dialectal

Arabic reasoning, which presents unique challenges due to the absence of standard-

ized orthography; (ii) incorporating reinforcement learning from human feedback

(RLHF) with Arabic-speaking annotators to improve fluency and cultural appropri-

ateness; (iii) scaling to larger base models (70B+) to investigate whether the quality-

over-quantity finding holds at greater model capacity; (iv) developing Arabic-specific

agentic frameworks comparable to LangChain and AutoGPT for English; and (v) ap-

plying the same distillation methodology to other underrepresented languages that

share the structural challenges of Arabic (e.g., Hebrew, Urdu, Farsi).
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A Hyperparameter Details

Table 6 summarizes the hyperparameters for all three training tracks.

Table 6: Full hyperparameter comparison across training tracks.

Hyperparameter Track A (Qwen3-8B) Track B (Llama-3.1-8B) Track C (Qwen3-4B)

Model Configuration

Base model Qwen3-8B-Instruct Llama-3.1-8B-Instruct Qwen3-4B-Instruct

Training method QLoRA (4-bit NF4) QLoRA (4-bit NF4) Full fine-tune (bf16)

Flash Attention 2 ✓ ✓ ✓

LoRA Configuration

LoRA rank (r) 64 64 –

LoRA alpha (α) 128 128 –

LoRA dropout 0.05 0.05 –

Target modules QKV + MLP QKV + MLP + embed + lm head –

RS-LoRA ✓ ✓ –

Training Configuration

Epochs 3 3 5

Batch size (per device) 2 2 4

Gradient accumulation 8 8 4

Effective batch size 16 16 16

Learning rate 2×10−4 1.5×10−4 5×10−5

LR scheduler Cosine Cosine Cosine w/ restarts

Warmup ratio 0.05 0.05 0.05

Max sequence length 2048 2048 2048

Optimizer Paged AdamW-8bit Paged AdamW-8bit AdamW (fused)

Weight decay 0.01 0.01 0.01

Max gradient norm 1.0 1.0 1.0

Gradient checkpointing ✓ ✓ ✓

Sequence packing ✓ ✓ ✓

Seed 42 42 42

B Full CoT Trace Examples

Below we present representative examples where our fine-tuned model (Track A: Qwen3-8B + AraCoT)

produces correct, detailed reasoning while the baseline model fails.

Success Case: Navigation (Tier 4). Problem: Mohammed walks along the perimeter of a regular

square with side length 8 meters. He starts from a corner and returns to it. How many meters did he walk?

(Originally in Arabic.)

Track A (Qwen3-8B + CoT) - Correct: The model produces structured reasoning: (1) identifies the

square, (2) extracts side length = 8m, (3) computes perimeter = 4× 8 = 32m, (4) concludes Mohammed

walked the full perimeter, (5) verifies via 8+8+8+8 = 32. Final answer: 32 .

Baseline (Qwen3-8B) - Incorrect: The base model begins reasoning in English (<think> tags), loses

track of the computation mid-response, and outputs “2.” as the answer - a clear extraction failure.
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Failure Case: Causal Reasoning (Tier 1). Problem: Identify the root cause of food burning in

a kitchen scenario. (Originally in Arabic.)

Track A (Qwen3-8B + CoT) - Incorrect: The model outputs a single sentence without step-by-step

reasoning: “The main reason is that turning off the oven was missing, which led to the food burning.”

While semantically close to the gold answer (forgetting to turn off the oven), the response is not structured

as a CoT trace and fails exact match extraction. This exemplifies the answer extraction failure pattern

(Sect. 6), where correct reasoning is present but improperly formatted.
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