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Background: LLM Reasoning

LLM reasoning is a thought process of tackling a tricky problem using multiple intermediate reasoning

steps, e.g., through the Chain-of-Thought (CoT) technique.

.

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]



Background: Prior Work

The recent work on improving LLM reasoning can be categorized into three major types,

● Distillation: handcraft high-quality CoT dataset either through teacher model or human annotation.

● Search with external guidance: generates reasoning steps through prompting or verifier guidance.

● Self-improvement: Rely on reinforcement learning (RL) algorithms to improve.



Prior Work: Distillation

Distillation-based approaches focus on constructing high-quality CoT datasets and train base LLMs to

emulate teacher model’s reasoning behaviors.

● O1 Journey-part 2 [1]: 10k-level samples distilled from o1 API.

● S1 [2]: 1000 questions, responses generated by Gemini 2.0 Flash Thinking.

● LIMO [3]: 817 questions, responses generated by DeepSeek R1, DeepSeekR1-Distill-Qwen-32B, 

and Qwen2.5-32b-Instruct.

[1] O1 replication journey–part 2: Surpassing o1-preview through simple distillation, big progress or bitter lesson? [Huang et al., 2024]

[2] s1: Simple test-time scaling. [Muennighoff et al., 2025]

[3] LIMO: Less is More for Reasoning. [Ye et al., 2025]
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Prior Work: Search

Majority Vote (self-consistency).

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]



Prior Work: Search

Best-of-N, select optimal answer based on a verifier (ORM).

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]



Prior Work: Search

Beam Search, keep track of intermediate steps with top reward score (from PRM).

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]



Prior Work: Search

MCTS, algorithm of AlphaGO

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]



Prior Work: Self-improvement

STaR, SFT on self-generated reasoning trace.

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]

STaR: Bootstrapping Reasoning With Reasoning. [Zelikman et al., 2022]



Prior Work: Self-improvement

DeepSeek-R1-Zero, purely relies on RL.

● GRPO

● Rule-based reward

● Format reward

● Perform RL directly on base model

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning. [Guo et al, 2025]



Prior Work: Self-improvement

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning. [Guo et al, 2025]

Drawbacks of DeepSeek-R1-Zero?

● Mixing of language

● Poor readability

● Unable to control thinking behavior



Prior Work: Self-improvement

DeepSeek-R1, cold start + RL.

● Step-1: SFT DeepSeek-V3-Base on long CoT with reflection and verification,

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]
DeepSeek-R1: Incent ivizing Reasoning Capability in LLMs via Reinforcement Learning.[Guo et al, 2025]



Prior Work: Self-improvement

DeepSeek-R1, cold start + RL.

● Step-2: Reasoning-oriented RL (same as DeepSeek-R1-Zero),

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning. [Guo et al, 2025]



Prior Work: Self-improvement

DeepSeek-R1, cold start + RL.

● Step-3-I: extract high-quality reasoning data

● Step-3-II: collect non-reasoning data

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning. [Guo et al, 2025]

DeepSeek-V3

DeepSeek-V3



Prior Work: Self-improvement

DeepSeek-R1, cold start + RL.

● Step-4: SFT on base model again.

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning. [Guo et al, 2025]



Prior Work: Self-improvement

DeepSeek-R1, cold start + RL.

● Step-5: Second round of RL training

● Rule-based reward for reasoning

● Preference-based alignment

A Visual Guide to Reasoning LLMs. [Grootendorst, 2025]
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning. [Guo et al, 2025]



Prior Work: Conclusion

There are pros and cons to existing works.

● Distillation: simple and effective, but expensive to collect high-quality CoT data.

● Search with external guidance: no training required, but need deploy two models, expensive

inference costs.

● Self-improvement (RL): strong performance with little supervision, but requires scaling up both

model size and training data.



Goal: Training LLMs with Autoregressive Search Capability

Our goal is to develop an o1 and R1 style strong reasoning LLM with autoregressive search capabilities, 

i.e., a single LLM performs an extended reasoning process with self-reflection and self-exploration of 

new strategies.

● Self-Reflection: LLM stops reasoning and reflects on whether it makes a mistake or not. 

● Self-exploration: For complicated tasks, LLM can explore different reasoning paths and propose a 

better approach to solve the problem.



Problem Formulation: LLM as an agent’s policy

We formulate LLM reasoning as a sequential decision-making problem, where reasoning is a process of 

constructing and refining an answer step by step. 

● LLM: Agent‘s policy

● Reasoning step: action

● Input context: initial state

● Input context + reasoning steps: current states

● Reward: the correctness of the final answer

The LLM starts with an input context (initial state), generates a reasoning step (action), and updates the 

context (next state). We aim to train the LLM to reason using RL, such that it can generate reasoning 

steps that maximize the expected reward.



Core Idea: Chain-of-Action-Thought reasoning (COAT)

Q: How to enable the LLM to determine when to reflect, continue, or explore alternative solutions

without external intervention?

Chain-of-Action-Thought (COAT) reasoning:

● <|continue|>: encourages the LLM to build upon its current reasoning trajectory by generating the 
next step.

● <|reflect|>: prompts the model to pause and verify the correctness of prior reasoning steps.

● <|explore|>: signals the model to identify critical flaws in its reasoning and explore a new solution.



Challenge: How to enable COAT reasoning?

A standard LLM is not able to perform COAT reasoning. Achieving this will encounter two key challenges:.

● Unawareness of meta-action tokens: Without training, the LLM doesn't recognize that encountering 

special meta-action tokens may require reflection or proposing alternative solutions.

● Long horizon and sparse rewards: Reasoning requires long-term decision-making with rewards only 

at the end, the LLM must take many correct reasoning steps before receiving rewards, and failures 

force it to restart from the initial state. This makes learning difficult because rewards are scarce, 

yet rewards are essential for driving RL progress.



Training Framework: Format Tuning + RL

We propose a two-stage training framework:

● Format Tuning via Imitation Learning: Learn COAT reasoning format by emulating the behavior of 

a multi-agent system. (small number of demonstration trajectories)

● Self-improve via RL: Train LLM to self-improve and incentivize its self-reflection capability. (large 

number of training data, but with only ground-truth final answer).



Format Tuning: Multi-agent Data Synthesis Framework

We propose a multi-agent (generator & critic) framework to synthesize demonstration trajectories.



RL: Restart and Explore (RAE)

Inspired by Go-Explore, we train the LLM policy to reason not only from the problem statement but also 

from intermediate steps sampled from past trajectories.
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Go-explore: a new approach for hard-exploration problems. [Ecoffet et al., 2021]



RL: Reward Design

Reward is the key for RL training. We design the reward function as follows,

● Rule-based Reward: evaluates the correctness of the final answer,

● Preference Bonus: Outcome Reward Model (ORM) 

● Reflection Bonus: to further encourage the model’s self-reflection behavior.

● Obtain a bonus if the model starts from an incorrect state and successfully solves the problem.

● Obtain a penalty if the model starts from a correct state but fails to solve the problem.

Final Rewards: Combine the three rewards,



RL: Iterative Self-improvement

Inspired by Kickstarting, after each round of RL training, we distill the knowledge of the current teacher 

policy into the student model (base LLM) through supervised fine-tuning. Starting from the newly fine-
tuned LLM, we then perform another round of RL training.
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Results: Math Reasoning

● Satori-Qwen-7B achieves SOTA performance and outperforms Qwen-2.5-Math-7B-Instruct, which 

uses the same base model. 

● After round-2 training, Satori-Qwen-7B (Round 2) demonstrates even stronger performance on hard 
tasks.



Results: General Domain Reasoning Benchmarks

● Trained only on math datasets, Satori-Qwen-7B exhibits strong transferability across diverse out-of-

domain reasoning benchmarks and outperforms Qwen-2.5-Math-7B-Instruct by a large margin.

● Despite not being trained in other domains, Satori-Qwen-7B achieves performance comparable to or 
exceeding other small-scale general instruct models.



Analysis

● COAT Training v.s. CoT Training: Qwen-2.5-Math-7B trained with COAT reasoning format

outperforms the same base model but trained with classical CoT reasoning format

● Satori exhibits self-correction capability: RL can truly incentivize self-correction capability.



Analysis

● RL Enables Satori with Test-time Scaling Behavior:

(1) RL training increases response length (2) Use more test-time compute to tackle more 
challenging problems



Analysis

● Scaling RL is more effective than scaling SFT:

Satori-Qwen-7B (10K FT data + 300K RL data) outperforms the same base model Qwen-2.5- Math-7B 
trained with 300K FT data (w/o RL) across all math and out-of-domain benchmarks.



Analysis

● Weak to strong generalization: Distilling a stronger reasoning model can enhance the reasoning 

performance of weaker base models. Efficient approach: (1) train a strong reasoning model through 
small-scale FT and large-scale RL; (2) distill the strong reasoning capabilities of the model into weaker 
base models.



Demo Examples









Discussion

DeepSeek-R1 v.s. Satori, similarity and difference?

DeepSeek-R1 Satori

Training Pipeline Cold start SFT + Large-scale RL Format Tuning + Large-scale RL

SFT Data

Synthesis

Prompting + Human annotation (?) Multi-agent

Response

Format

Implicit definition of actions: Emerge from

RL (?), provided in SFT data.

Explicitly define reflection and

exploration, triggered by special
tokens.

RL GRPO + Format bonus PPO + RAE + Reflect bonus



Discussion

Secret recipes to achieve autoregressive search?

● LLMs learn a special reasoning format (backtrack, reflection, self-correct, exploration, etc.)

○ Human annotation

○ Prompting base model

○ Multi-agent synthesis

○ MCTS + PRM

○ Distill from R1, o1

● Encourage LLMs to use such a format to tackle tasks through RL.

○ Specific RL algorithms may not be the most important.

○ Reward design is essential (avoid hacking).

○ Data size and quality matter.

○ Training compute, the longer the better.

○ Model size matters.



Q & A
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