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Intro: Reasoning in SLMs

● Solving reasoning tasks is essential. However, currently only powerful 
models (GPT-4,openAI-o1…) demonstrate strong reasoning abilities.

● While smaller language models (SLMs) are efficient in computation and 
resource use, enabling faster inference, they often struggle with 
reasoning tasks. 

● Hence, we introduce rStar, Enhancing Reasoning Capabilities of SLMs



Intro: Test-time Computation

● A unified perspective: Generator and Verifier
● Generator: modify the LLMs’ proposal distribution to sample diverse 

generations

● Verifier: aggregate or select the best answer from the generated samples
○ Reward model (costly to train😓, lacks task generalization😓)
○ Self-rewarding (sometimes leads to rather random outcomes😓)



rStar makes SLMs highly 

capable problem-solvers, 

matching or even 

surpassing the reasoning 

performance achieved after 

domain-specialized SFT.

Intro: Preliminary Results



Intro: Insights

● Insight 1: Decomposing complex reasoning tasks into simpler 
subtasks helps SLMs handle them more effectively.

● Insight 2: Agreement among peers (i.e., two SLMs) on derived 
answers suggests a higher likelihood of correctness.



Solution generation:

● augments the target SLM by effectively breaking down a given problem into manageable 
subtasks

● utilizes MCTS to generate candidate solution trajectories and allow the SLM to perform a 
human-like reasoning actions

Solution verification:

● uses another SLM to provide unsupervised feedback on each trajectory
● mutually validates the solution consistency

Method: Overall Framework



Method: Monte-Carlo Tree Search (MCTS)

Step1: Selection Step2: Expansion

Step3: Simulation Step4: Back-propagation



Method: Enrich Generator’s Action Space



Method: Discriminator with Mutual Consistency

Mutual consistency: use another SLM to act as a discriminator, providing unsupervised 
feedback on each candidate trajectory

● Partial reasoning steps as the hints: reduce the reasoning difficulty for another SLM
● Mirrors human experience (derived answers from the same initial steps indicates a 

high likelihood of correctness)



Experiments: Mathematical Tasks



Experiments: Commonsense Reasoning Tasks



Experiments: Test-Time Scaling



Thank you!      


