
Mind the Gap: Bridging Thought Leap for 
Improved Chain-of-Thought Tuning 



Background

Where does the 
number 15 come from?

What is the pigeonhole 
principle?

• Chain-of-Thought (CoT) is a key paradigm for improving complex reasoning, especially 
in structured tasks like math and logic.

• Yet even refined CoT data may skip essential reasoning steps that are clear to humans 
but difficult for models.



Background

• What happens when a model is trained on datasets with thought leaps?

• Based on MetaMathQA, construct datasets with varying degrees of thought leaps.

Question Step 1 Step 2 Step 3 Step ... Step N Answer

Question Step 1 Step 2 Step 3 Step ... Step N Answer

Question Step 1 Step 2 Step 3 Step ... Step N Answer

Question Step 1 Step 2 Step 3 Step ... Step N Answer

Training impact: Severe reasoning leaps 
can cause up to 27.83% performance loss

Learning efficiency: Slower and less 
stable convergence.



Formulation V : completeness function

Ideal complete CoT

Thought Leap CoT

CoT Thought Leap Bridge task

• Leap Identification

• Content Bridge

Challenges:

• Designing a completeness evaluation function is difficult.

• Ideal completeness is a theoretical concept — how can it be handled in practice?



CoT-Bridge
We chose ScaleQuestMath as an approximation of ideal CoT, as its reasoning structure is 
relatively complete and well-formed, making it suitable for systematic step removal.



Main Experiment

• Bridging Thought Leaps using CoT-
Bridge consistently improves 
reasoning performance.

• Accurate leap identification is 
crucial for effective bridging.

• Zero-shot bridging shows promise 
but lacks consistency.

Performance Drop

Consistent Improvement

we performed supervised fine 
tuning (SFT) experiments using 
MetaMathQA, NuminaMath-CoT 
datasets and their bridged versions 
on representative base models.



Analysis 1

• CoT-Bridge can improve the quality of generated data in knowledge distillation and 
rejection sampling

• Using bridge-augmented datasets for SFT leads to 
a higher performance ceiling in subsequent RL.

CoT-Bridge can serve as a plug-and-play enhancement module that seamlessly integrates 
into existing training pipelines while delivering consistent performance improvements.

Qwen2.5-Instruct-72B 
distilled and rejection 
sampled data



Analysis 2

To evaluate the capability of various methods in CoT Thought Leap Bridge Task, we 
constructed a standardized evaluation framework on ScaleQM+ test set, covering leap 
identification and generation quality.

• CoT has the best leap localization 
accuracy and generation quality.

• Other baselines suffer from high 
redundancy rates.

• Redundant steps can easily cause 
the model to learn repetitive 
patterns.



Analysis 3
• OOD Experiments in Logical Reasoning Tasks (Meta-Llama3.1-8B: ↑2.99%, Qwen2.5-

Math-1.5B: ↑0.99%)
• CoT-Bridge help models master general reasoning structures and enhance 

generalization capabilities.



Analysis 4
• Ablation Study: Remove one bridging type (begin/middle/end) → Fine-tune Qwen2.5-

Math-1.5B with same settings.
• All three types of completion have a positive effect on model performance



Analysis 5
• Content Analysis of Bridge: Scoring the content of Bridge using Qwen2.5-Math-PRM-7B.

• CoT-Bridge achieves much higher content quality for Bridge compared to the baseline.


