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Motivation
○ Large Reasoning Models (LRMs) have shown strong improvements in reasoning tasks by 

generating extended thinking traces.
○ However, LRMs tend to overthink, applying complex reasoning even to simple queries, such as a 

single word.

Fig.1 A case of LLM and LRM.

How to build a hybrid thinking system that can achieve an optimal balance between system
2 reasoning and system 1 ability?



Method – Large Hybrid-Reasoning Models

We introduce Large Hybrid-Reasoning Models (LHRMs) that can dynamically choose between:

○ Thinking Mode: engage in multi-step reasoning for complex queries

○ No-Thinking Mode: respond directly to simple questions

Fig.2 A case of LHRMs-7B



Model Training – Stage II: Hybrid Group Policy Optimization (HGPO)

○ Goal: Learn a policy to adaptively select the 
appropriate reasoning mode (Thinking or No-Thinking) 
per query, while enhancing helpfulness and reasoning 
quality.

○ Method
• For each query, sample responses under both 

modes
• Use a reward model to evaluate and compare 

responses
• Combine intra-group (within-mode) and inter-

group (between-mode) rewards
• Learn to prefer the most effective reasoning mode 

per query Fig.3 Diagram of the HGPO Algorithm
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Margin 𝜹 is a hyperparameter that controls the trade-off between Thinking and 
No-Thinking modes during reward assignment



Evaluating Hybrid Thinking Capability

○ We propose a new metric, Hybrid Accuracy (𝐻!""), which measures the model’s ability to 
correctly choose between Thinking and No-Thinking modes.

○ Definition
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• Generate responses in both modes
• Score them using a reward model
• Identify the better-performing mode → 𝑚()
• Get the model’s selected mode → 𝑚*
• Compute the percentage of queries where 𝑚() = 𝑚*



Experiments — Main Results
• LHRMs consistently outperform baseline LLMs, LRMs, and hybrid variants trained only with HFT 

or HFT+DPO/RFT on both reasoning (math, code) and general capabilities (AlpacaEval, Arena-
Hard)

• LHRMs achieve the highest Hybrid Accuracy (𝐻!""), significantly outperforming other hybrid 
baselines (HFT, HFT-DPO/RFT), proving that HGPO effectively teaches mode selection 

Tab.4 Performance comparison between LHRMS 



Experiments — Ablation study 

Effect of Advantage Estimators
• HGPO supports multiple advantage estimators: 

REINFORCE++, GRPO, and RLOO
• These estimators all achieve competitive 

performance, indicating that HGPO is robust to 
the choice of advantage estimator

Fig.3 Ablation study on advantage estimators.

Fig.4 Ablation study on margin δ

Effect of Margin 𝛿 in HGPO
• A larger margin 𝛿 encourages more use of No-

Thinking, shifting the model toward faster 
responses



Experiments — Thinking Ratio Study

Fig.3 Within-domain (Math)

○ Within-domain: LHRMs learn to reduce unnecessary thinking on easier problems, 
showing adaptive reasoning compared to HFT baselines.

○ Across-domain: The model automatically increases reasoning in unseen domains (e.g., 
code), demonstrating strong generalization and transferability.

Fig.4 Cross-domain (Code)



Experiments — Efficiency Analysis via Adaptive Thinking

Fig.5 Accuracy and Output Length Comparison on Various Benchmarks

○ Compared to always-thinking HFT counterparts, LHRMs-1.5B and LHRMs-7B reduce 
average thinking tokens by ~23% and ~25% respectively, while maintaining or 
slightly improving overall performance.



Thank you for your attention!


