
AdaReasoner: Adaptive Reasoning Enables 
More Flexible Thinking

A lightweight policy module selects LLM generation 
settings conditioned on question nuisances.

• Introduced a few-shot adaptive controller that tunes temperature 

and reasoning prompt based on task features.

• Trained via RL with a factorized action space and Boltzmann 

exploration for optimal flexibility.

• Achieved theory-backed fast convergence with a sublinear policy 

gap.

Pipeline diagram of adareasoner

A: Dual Network Design for Factorized Action Space

• Demonstrated consistent gains 

across six LLMs on diverse 

reasoning suites, improving 

Out-of-Distribution OOD 

robustness.

B. REINFORCE++ Algorithm with Proxy Pre-trained Reward Model

AdaReasoner factorizes instruction, temperature, and step count into separate 
heads anchored by one shared encoder. This keeps all decisions aligned in the 
same feature space, reducing drift to avoid sub-optimality

AdaReasoner uses a lightweight policy-network REINFORCE++ algorithm, 
where actions are sampled and updated via policy gradients. A 
DeBERTa-based proxy reward model provides a scalar score in [0,1], giving 
dense and consistent feedback that stabilizes learning

Table of divide of action space (generation temperature, generation step in 
prompt, and reasoning psychology). 

We evaluate AdaReasoner on four reasoning datasets—Metaphor, TruthfulQA, 

MMLU (Math), and LogiQA—using accuracy under the LLM-as-Judge protocol. Across 

six LLMs, we benchmark against key reasoning baselines including CoT, Think-Short, 

ToT, Best-of-N, Auto-CoT, and In-context CoT.

LLM-as-Judge Reliability Result Table

Out of Distribution Robustness

Ablation Studies of different action and parameter Adareasoner is few-shot efficient

Generation pattern of steps and temperature among different dataset types

Heatmap of correctness of most/least  frequently used psychology method

Statistics Table of Actions Mean among different datasets

https://mine-lab-nd.github.io/project/adareasoner.html


