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PPO: Proximal Policy Optimization

3

Actor

Critic
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PPO: Proximal Policy Optimization
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High resource demands of maintaining a separate value function (Critic)

GRPO
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GRPO: Group Relative Policy Optimization
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No Critic, instead
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DeepSeek-R1: Incentivizing Reasoning Capability 
in LLMs via Reinforcement Learning
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DeepSeek-R1-Zero

DeepSeek-R1
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DeepSeek-R1-Zero
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DeepSeek-V3 Base

Large Scale RL(GRPO, Rule-based Reward Model)

DeepSeek-R1-Zero
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Performance of DeepSeek-R1-Zero
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“AHA moment” of DeepSeek-R1-Zero
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“AHA moment” of DeepSeek-R1-Zero (v2)
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“wait” depicts the self-correction of model
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Drawback of DeepSeek-R1-Zero
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Poor readabilty, Language Mixing
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DeepSeek-R1
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DeepSeek-R1, Simplified Pipeline
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Step 1: Cold Start

Goal: Readabiliy

Step 2:
Reasoning RL

Goal: Resoning 
Performance

Step 3: Rejection 
Sampling & SFT

Goal: General ability

Step 4: RL for all
Scenarios

Goal: Finalizing
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R1 performance
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R1 distillation
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Distillation vs Reinforcement Learning
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1. Distillation(powerful model->small model) > RL(small model)

2. Advancing beyond the boundaries of intelligence may still require more powerful base 
models and larger-scale reinforcement learning
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DAPO: An Open-Source LLM Reinforcement 
Learning System at Scale
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Limintation in naive GRPO: entropy collapse, reward noise, training instability.

1. Clip-Higher: promote the diversity of the system and avoids entropy collapse

2. Dynamic Sampling: improve training efficiency and stability

3. Token-Level Policy Gradient Loss: critical in long-CoT RL scenarios

4. Overlong Reward Shaping: reduce reward noise and stabilizes training
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Remove KL divergence
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KL divergence: divergence between the online policy and the frozen reference policy

Useful in the RLHF scenario, but during training the long-CoT reasoning model, the model 
distribution can diverge significantly from the initial model 

=> Exclude KL divergence
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Key Technique 1: Clip-Higher
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Entropy Collapse phenomenon.
Upper clip can restrict exploration of the policy,
Making exploitation more probable
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Key Technique 1: Clip-Higher
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Key Technique 2: Dynamic Sampling
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Advantage becomes 0 if all outputs are correct or incorrect.

Zero policy gradient

Degrade Sample Efficiency
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Key Technique 2: Dynamic Sampling
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Key Technique 3: Token-Level Policy Gradient 
Loss
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Divided by response length

Divided by total token usages

More weight on longer response

Same weight for all responses
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Key Technique 3: Token-Level Policy Gradient 
Loss
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Key Technique 4: Overlong Reward Shaping 
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In RL training, we typically set a maximum length for generation, with overlong samples truncated accordingly

Default: Truncated Samples

Punitive Rewards (Reward Noise)

Sound reasoning process
might be penalized due to
excessive length

1. Overlong Filtering
2. Soft Overlong Punishment
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Key Technique 4-1: Overlong Filtering
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“Masks the loss of truncated samples”
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Key Technique 4-2: Soft Overlong Punishment
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Length-aware penalty mechanism

𝑅(𝑦) = 𝑅!""(𝑦) + 𝑅#$%&'((𝑦)

Punishment increases linearly
in this interval

𝐿)!*: 16,384	𝑡𝑜𝑘𝑒𝑛𝑠, 𝐿"!"($: 4,096	𝑡𝑜𝑘𝑒𝑛𝑠
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Main Results of DAPO
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Main Results of DAPO
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GDPO: Group reward-Decoupled Normalization Policy 
Optimization for Multi-reward RL Optimization
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GRPO

GDPO
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GDPO: Group reward-Decoupled Normalization Policy 
Optimization for Multi-reward RL Optimization
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RQ: Effective Reward Model for Open-Ended Data
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RQ: Effective Reward Automatic Weighting Strategy


