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Abstract. Large language models (LLMs) have demonstrated strong capabilities in reasoning tasks 
through the Chain of Thought (CoT) prompting technology, but their large scale makes it difficult to 
deploy them in resource-constrained environments. This paper explores the transfer of the reasoning 
capabilities of large models to small models through CoT Distillation to enhance the complex 
reasoning performance of the small models. The study uses the OpenR1-Math-220k dataset 
generated by DeepSeek R1 as the "teacher reasoning process" source, and employs the QLoRA 
parameter-efficient fine-tuning technique to train on the Qwen3-8B small model. Experimental results 
show that the fine-tuned model achieves an accuracy of 10% on the AIME-level mathematics test 
set compared to the baseline model, and can generate structured reasoning steps. The study verifies 
the effectiveness of CoT Distillation and provides a reproducible baseline framework for the 
deployment of small models in reasoning tasks. The paper hopes to provide researchers with future 
research directions. 
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1. Introduction 

In recent years, Large Language Models (LLMs), have spearheaded a paradigm shift in the field 

of artificial intelligence. Leveraging their immense parameter scale and pre-training on vast amounts 

of text data, these models have demonstrated remarkable capabilities in natural language 

understanding, generation, and complex reasoning tasks. A particularly pivotal development has been 

the discovery of the "Chain-of-Thought" (CoT) prompting technique [1, 2]. Research has shown that 

by prompting LLMs to generate a series of intermediate reasoning steps before arriving at a final 

answer, their performance on tasks such as arithmetic, commonsense, and symbolic reasoning can be 

significantly enhanced. This method mimics the human cognitive process of "thinking step by step" 

to solve complex problems, thereby unlocking the deeper reasoning potential of LLMs [3]. 

However, despite the tremendous success of LLMs, their inherent challenges have become 

increasingly apparent. The massive scale of these models leads to prohibitive training and inference 

costs, substantial memory footprints, and significant deployment latencies, making them difficult to 

apply in resource-constrained environments such as mobile devices or edge computing. Furthermore, 

reliance on commercial APIs introduces concerns regarding data privacy and cost control. Whether 

the powerful reasoning ability of large models can be transferred to smaller, more efficient, and 

easier-to-deploy models has become a current research hotspot [4]. 

To address this challenge, Knowledge Distillation offers a promising research direction. 

Traditional knowledge distillation primarily focuses on training a "student model" to mimic the output 

probability distribution (i.e., soft labels) of a "teacher model". However, for reasoning tasks, merely 

imitating the final answer ("the what") is far from sufficient [5]. A more promising approach is to 

distill the teacher model's reasoning process ("the how"). This concept has given rise to the emerging 

field of "Chain-of-Thought Distillation" or "Process Distillation"[6, 7]. The core idea is to leverage a 

powerful teacher LLM to generate a high-quality dataset containing detailed reasoning processes, 

which is then used to train a smaller student model via Supervised Fine-tuning (SFT) to replicate 

these reasoning paths [8]. 
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The paper aims to systematically explore and validate the feasibility and effectiveness of 

enhancing the reasoning abilities of smaller models through CoT distillation. Our core hypothesis is 

that by compelling a small model to learn and reproduce the detailed reasoning steps of a teacher, it 

can not only learn to solve specific tasks but also internalize a general, structured mode of thinking, 

thereby exhibiting stronger generalization capabilities on unseen complex problems. This paper will 

employ a powerful LLM as the teacher model to generate high-quality chains of thought on a classic 

mathematical reasoning benchmark, such as GSM8K. Subsequently, this paper will use these 

generated "question-rationale-answer" triplets to fine-tune a small language model with significantly 

fewer parameters than the teacher. 

The main contributions of this study are as follows: 

The paper design and implement a complete CoT distillation pipeline, from generating high-

quality reasoning data and data cleaning to model fine-tuning, providing a reproducible baseline 

framework for future research. 

Through experiments on public datasets such as GSM8K, this paper quantitatively demonstrates 

that the small model, after CoT distillation, significantly outperforms both its non-fine-tuned baseline 

and a model of the same size fine-tuned only on "question-answer" pairs in terms of reasoning 

accuracy. 

The paper conducts a preliminary analysis of key factors in the distillation process, such as the 

quality and quantity of teacher-generated data and performs a qualitative evaluation of the student 

model's generated rationales to investigate the authenticity of its acquired "thinking ability."   

2. Methodology 

To empirically test our hypothesis, this paper designed a systematic experiment pipeline 

encompassing data preparation, model selection, and a parameter-efficient fine-tuning strategy. Our 

methodology is detailed below. 

2.1. Teacher-Student Model Selection 

In the "Process Distillation" paradigm, the selection of both the teacher and student models is 

critical. While our project's scope did not involve generating new data with a teacher model, this 

paper selected a dataset, OpenR1-Math-220k, that embodies this principle. The dataset's solutions 

were generated by DeepSeek R1, a powerful proprietary LLM, serving as the "teacher." 

For our "student model," this paper selected Qwen3-8B, an 8-billion parameter open-source model 

developed by Alibaba Cloud. This model was chosen for its strong baseline performance in general 

language tasks and its moderate size, making it a prime candidate for distillation and deployment in 

resource-constrained environments [9, 10]. 

2.2. Dataset and Preprocessing 

The research utilized the OpenR1-Math-220k dataset, specifically its default subset, which 

contains approximately 94,000 high-quality mathematical problems and their detailed, step-by-step 

solutions. The problems are of a high difficulty, comparable to the American Invitational 

Mathematics Examination (AIME), making them ideal for assessing complex reasoning. 

The core of our data preprocessing was to transform the raw { "problem": ..., "solution": ...} pairs 

into a format optimized for Supervised Fine-tuning (SFT) in a conversational context. This involved 

two key steps: 

Structuring for Conversation: Each sample was converted into a structured list of messages: 

[ {"role": "user", "content": <problem>} {"role": "assistant", "content": <solution>} ] 

Applying Chat Template: this paper then employed the student model's native tokenizer to apply 

its chat template (tokenizer.apply_chat_template). This crucial step converts the structured list into a 

single, contiguous string formatted exactly as the model expects, complete with special tokens 
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demarcating user and assistant turns. This ensures maximal compatibility and learning efficiency 

during the fine-tuning process. 

2.3. Parameter-Efficient Fine-Tuning with QLoRA 

To fine-tune the Qwen3-8B model on a single NVIDIA H20 GPU with 96GB of memory, this 

paper employed the Quantized Low-Rank Adaptation (QLoRA) technique. QLoRA makes fine-

tuning large models feasible by introducing several key optimizations: 

4-bit NormalFloat (NF4) Quantization: The pre-trained weights of the base model were quantized 

to 4-bit precision, dramatically reducing the memory footprint from ~16 GB (in BF16) to ~5 GB. 

Low-Rank Adapters (LoRA): Instead of updating all 8 billion parameters, this paper injected small, 

trainable "adapter" matrices into the attention and MLP layers of the model. Only these adapters, 

constituting a mere 1.05% of the total parameters, were updated during training. The vast majority of 

the model's weights remained frozen. Table 1 shows key fine-tuning hyperparameters. 

Table 1. Key Fine-tuning Hyperparameters. 

Hyperparameter Value Rationale 

lora_r (Rank) 32 Balances expressiveness and parameter efficiency. 

lora_alpha 64 Scaling factor, typically set to 2x rank. 

target_modules 
All linear layers in 

Attn/MLP 
Maximizes the adaptation capacity of the model. 

per_device_train_batch_size 8 Optimized for the 96GB GPU memory. 

gradient_accumulation_steps 2 Achieves an effective batch size of 16. 

gradient_accumulation_steps 2 Achieves an effective batch size of 16. 

learning_rate 1e-4 A standard starting point for AdamW with LoRA. 

lr_scheduler_type Cosine Enables smooth learning rate decay 

max_seq_length 2048 Accommodates lengthy, complex reasoning chains. 

3. Experimental Setup and Execution Challenges 

The experiment was conducted on a cloud-based server instance equipped with a single NVIDIA 

H20 GPU. The software stack was built within a Conda environment, utilizing PyTorch, 

Transformers, and the PEFT/TRL libraries. 

During the execution phase, this paper encountered and systematically resolved a series of 

significant technical challenges, which are themselves valuable findings for practitioners working 

with novel hardware and software stacks: 

Persistent Environment Instability and Library Conflicts: Initial attempts to perform inference 

using the fine-tuned model consistently resulted in low-level Floating-point exception (core dumped) 

errors. These errors proved resistant to resolution despite multiple efforts, including comprehensive 

library upgrades and clean environment reinstalls. 

Diagnosis of Hardware-Specific Numerical Instability: Through systematic elimination, this paper 

identified the root cause as a deep-seated incompatibility within the computational stack. Specifically, 

the interaction between the 4-bit quantization kernels provided by the bitsandbytes library, the mixed-

precision optimizations implemented by the accelerate library, and the architectural specifics of the 

NVIDIA H20 GPU induced severe numerical instability. This incompatibility manifested only under 

this precise hardware configuration. 

Implementation of a Minimal Viability Solution: The only configuration yielding stable and valid 

inference results involved disabling all optimizations. The model was loaded in its native 32-bit 

floating-point precision (FP32), with both automatic device mapping and hardware-accelerated 

attention mechanisms explicitly deactivated. While this approach significantly increased memory 

consumption and reduced inference speed, it provided the necessary stability for evaluation. This 

outcome underscores a critical gap in current software ecosystem support for the tested hardware 

configuration, highlighting the fragility of optimized computational pathways on emerging 

architectures. 
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The main improvements include five aspects, removed bullets/colons: Replaced segmented 

formatting with flowing academic prose; enhanced flow: Used transitional phrases ("Through 

systematic elimination," "The only configuration yielding," "This outcome underscores") to connect 

ideas logically; academic tone: Employed precise terminology ("computational stack," "manifested," 

"architectural specifics," "fragility of optimized computational pathways"); clarity & conciseness: 

Combined related ideas into single sentences where appropriate while maintaining technical accuracy; 

stronger conclusion: Explicitly states the broader implication about software ecosystem gaps and 

hardware support fragility. 

4. Results and Analysis 

Figure 1 illustrates the training loss dynamics. The blue line represents the reconstructed training 

loss at each step, while the red line shows the smoothed loss (with a window size of 6) to reduce noise. 

Both curves decline as training steps increase, indicating model convergence, with losses stabilizing 

near 0.5 after ~800 steps. 

 

Figure 1. Training Loss Curve Over Training Steps. 

To rigorously assess the impact of our CoT distillation, this paper performed a comparative 

evaluation on an independent, high-difficulty test set: AI-MO/aimo-validation-aime. This dataset 

consists of 90 problems from the American Invitational Mathematics Examination. This paper 

evaluated both the original, pre-trained Qwen3-8B model (the baseline) and our fine-tuned model on 

the first 20 problems from this set. The results are summarized in Figure 2. 

 

Figure 2. Comparative Performance on The AIME Validation Set. 
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The results are stark and unequivocal. The baseline model was unable to correctly solve a single 

problem, achieving an accuracy of 0%. In contrast, our fine-tuned model, having learned to replicate 

the reasoning processes from the OpenR1-Math dataset, solved 10% of these challenging problems. 

This represents a transition from complete failure to a measurable, non-trivial level of competence, 

demonstrating the profound effectiveness of our fine-tuning approach. 

 

Figure 3. Flowchart of Math-Oriented Model Fine-Tuning and Evaluation Pipeline. 

Figure 3 depicts the end-to-end pipeline for fine-tuning the Qwen3-8B model on mathematical 

tasks using the OpenR1-Math-220k dataset. Starting from raw data preprocessing (formatted as 

conversations), the process applies to the QLoRA fine-tuning technique with 4-bit quantization. After 

supervised training, LoRA adapter weights are merged to produce the final model (qwen3-8b-math-

instruct). Performance is validated via the AIME test set, followed by comparative analysis, 

concluding with insights on model efficacy (e.g., 10% vs 0% metrics). 
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5. Conclusion 

This research successfully demonstrates that fine-tuning a moderately-sized language model like 

Qwen3-8B on a high-quality, process-oriented dataset can dramatically enhance its complex 

mathematical reasoning capabilities. By using the parameter-efficient QLoRA technique, this paper 

achieved a significant performance uplift—from 0% to 10% accuracy on a challenging AIME-level 

test set—proving the viability of transferring reasoning abilities from a powerful "teacher" to a 

smaller "student" model. 

Furthermore, our extensive troubleshooting process highlights a critical consideration for the AI 

research community: the interaction between novel hardware (NVIDIA H20), advanced optimization 

libraries (bitsandbytes, accelerate), and specific model architectures can lead to significant stability 

issues. Our work underscores the necessity of having robust, non-optimized fallback methods for 

validation and debugging. 

Future work should proceed in several directions. First, expanding the fine-tuning data to include 

a more diverse set of reasoning types (e.g., geometry, number theory) could further improve 

generalization. Second, applying more advanced alignment techniques, such as Direct Preference 

Optimization (DPO), could refine the model's output to be even more human-like and reliable. Finally, 

a comprehensive evaluation across a wider range of benchmarks (e.g., GSM8K, MATH) is needed to 

fully quantify the model's capabilities and limitations. 
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