
 QFFT, Question-Free Fine-Tuning for 
Adaptive Reasoning

Wanlong Liu
2025年11月2日

1



Brief Contribution

  1. QFFT Fine-Tuning Method
● Adaptive Reasoning
● Performance compared to SFT
● Effectively reduce token counts
2. QFFT Applications (compared to SFT)
● Noisy Scenario
● OOD Scenario
● Low Resource Scenario



BackGround: Long CoT v.s. Short CoT

Short CoT

• Traditional CoT

• More Concise

Long CoT

• CoT patterns for thinking models

• Longer thinking chains

• Reflective, self-correction tokens.



BackGround: Long CoT v.s. Short CoT

Question: Can we achieve adaptive reasoning?



  Definition of Adaptive Reasoning

 Adaptive Reasoning: A model’s ability to adaptively prioritize Short CoT reasoning 

patterns for simple questions and prioritize Long CoT reasoning patterns for challenging 

questions when Short CoT is ineffective.

 Simple Question: Short CoT can solve

 Difficult Question: Short CoT cannot solve

Question: How to measure a model’s Adaptive Reasoning Ability?



  Quantitative Metric on Adaptive Reasoning Ability

Assumption 1: If a Long CoT model M_L is derived (e.g. distilled) from a Short CoT 

model M_S, we approximate the Short CoT capability of model M_L by that of model 

M_S.

Reasoning Adaptability Cohen’s Kappa (RAK)

(true      false)            (short CoT,   long CoT)

Short CoT model Target model 



  Quantitative Metric on Adaptive Reasoning Ability

RAK for Long CoT models

Current Long CoT models 

(obtained by SFT) have low RAK 

scores, which attributes to their 

consistent over-reliance on Long 

CoT reasoning patterns.

Why?



  Pilot Study on Adaptive Reasoning

Hypothesis. 

During SFT, model learns the Question (Q) -> Long CoT Chain (R) mappings, 

Overriding its original Question (Q) - > Short CoT Chain mappings.

Pilot Study.

α 1- α

With questions + 

responses 

Only responses



  Motivation

1.  To preserve the model’s default Short CoT patterns and prevent it from being 

overridden, we need to avoid training the model to learn a fixed Q → R mapping.

2.  The model can learn Long CoT ability without questions.

 Prior studies [1, 2] suggest that the core of Long CoT patterns lies in the structure of 
responses, rather than in the questions. This implies that models distilled solely from 
Long CoT responses, even without access to the corresponding questions, can still 
acquire Long CoT reasoning capability

[1] Dacheng Li, Shiyi Cao, Tyler Griggs, Shu Liu, Xiangxi Mo, Eric Tang, Sumanth Hegde, Kourosh Hakhamaneshi, Shishir G Patil, Matei Zaharia, et al. Llms can 
easily learn to reason from demonstrations structure, not content, is what matters! arXiv preprint arXiv:2502.07374, 2025. 
[2] Edward Yeo, Yuxuan Tong, Morry Niu, Graham Neubig, and Xiang Yue. Demystifying long chain-of-thought reasoning in llms. arXiv preprint arXiv:2502.03373, 
2025.



  Motivation

Why model can learn Long CoT ability without questions?

 1. Long CoT response data inherently contains patterns like reflection (denoted as ��), 
which emerge when encountering uncertainties or errors (denoted as ��). 

2.  The model learns:  ��(�r∣ ��) learning only the responses.



  Method

Question-Free Fine-Tuning

Question Response



  Two Equivalence of the QFFT Method

Question

 1. Supervised Fine-tuning with Null Questions. 

 2. Continued Pre-training. 

Since the questions are empty, the model does not learn any concrete Q → R 

mappings.  during inference, any non-empty input will not trigger Long CoT 

patterns, thereby preserving the model’s original Short CoT patterns. 

QFFT can be conceptualized as a specialized form of continued pre-training that 

systematically enhances the model’s general Long CoT proficiency, including reflective 

reasoning capabilities, by training exclusively on reasoning responses, without reliance 

on specific question answer pair formats.



  Why QFFT Works?

Question



Experiments

 Compared to SFT



Experiments

 Compared to Long2short Baselines



Further Analysis

1. Pattern Analysis 

(1) Default to Short CoT

(2) Trigger Long CoT from

 Short CoT.



Further Analysis

2. Long CoT Analysis

The long CoT of QFFT is 

triggered because of facing 

mistakes or uncertainty.



Applications of QFFT

1. Noisy Scenario

Level 1: ，该级别使用原始高质量数据，包含完整
且正确的问答对。
Level 2: 结论错误, 该级别保留原始推理过程，但
在最后步骤中加入数值错误，导致结论不正确。
Level 3: 推理不完整
该级别随机删减约一半的回答内容，同时保持句子
语义完整。
Level 4: 答案无关
该级别生成完全不匹配的问答对，每个问题都搭配
另一个问题的答案。



Applications of QFFT

1. Noisy Scenario

Level 1: ，该级别使用原始高质量数据，

包含完整且正确的问答对。

Level 2: 结论错误, 该级别保留原始推

理过程，但在最后步骤中加入数值错误，

导致结论不正确。

Level 3: 推理不完整

该级别随机删减约一半的回答内容，同

时保持句子语义完整。

Level 4: 答案无关

该级别生成完全不匹配的问答对，每个

问题都搭配另一个问题的答案。



Applications of QFFT

2. OOD Scenario

(1) Better performance on 

instruction following than SFT

(2) Better performance on 

Scientific and normal tasks



Applications of QFFT

3. Low-resource Scenario

Experimental Setup：

Only 10 questions, distilled from 

Deepseek-R1 for 10 responses.

Totally 100 samples.



Thanks 


