
Optimization
Reward 
System

RL / Dataset

Qingbin Li（感谢Xuerui Su） 
2/25/2025









Optimization



Ensemble PPO-Clipping KL penalty(Not PPO)

Same Goal: For Stability
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System



Aha Moment



Response Length:



Current types of reward mechanisms ：
1.Model-centric: ORM, PRM, Implicit-reward(ORM2PRM)
2.Data-centric: outcome-reward, Self-evaluation, format-reward, KL reward (current model and base model), 
Response Length reward, Language consistency rewards (DeepSeek R1) 



Rule based RL
1. Rule Based Rewards for Language Model Safety https://cdn.openai.com/rule-based-rewards-for-language-

model-safety.pdf
2. DeepSeek-V2 https://arxiv.org/abs/2405.04434 
3. DeepSeek V3 
4. DeepSeek R1
5. …

https://cdn.openai.com/rule-based-rewards-for-language-model-safety.pdf
https://arxiv.org/abs/2405.04434


Current types of reward mechanisms ：
1.Model-centric: ORM, PRM, Implicit-reward(ORM2PRM)
2.Data-centric: outcome-reward, Self-evaluation, format-reward, KL reward (current model and base model), 
Response Length reward, Language consistency rewards (DeepSeek R1) 



RL / Dataset



DeepSeek R1 training steps: Cold Start (SFT) -> RL stage 1 with Reasoning-oriented RL -> Rejection Sampling and 
SFT

->Reinforcement Learning for all Scenarios

我们构建并收集少量的长 CoT 数据，以作为初始强化学习参与者对模型进行微调：使用长 CoT 的少样本提示作为示
例，直接提示模型通过反思和验证生成详细答案，以可读格式收集 DeepSeek-R1Zero 输出，并通过人工注释者的后处
理完善结果

我们将推理任务的准确率和语言一致性的奖励直接相加，形成最终的奖励。然后我们对微调后的模型进行 RL 训练，
直到它在推理任务上实现收敛。

•推理数据：我们通过从上述强化学习训练的checkpoint进行拒绝抽样来整理推理提示并生成推理轨迹。在上一阶段，
我们仅包含可以使用基于规则的奖励进行评估的数据。但是，在此阶段，我们通过合并其他数据来扩展数据集，其中
一些数据使用reward model，即将基本事实和模型预测输入 DeepSeek-V3进行判断。此外，由于模型输出有时混乱且
难以阅读，我们过滤掉了混合语言、长段落和代码块的思路链。对于每个提示，我们会抽取多个响应并仅保留正确的
响应。总共，我们收集了大约 600k 个与推理相关的训练样本。

•非推理数据：对于非推理数据（例如写作、事实问答、自我认知和翻译），我们采用 DeepSeek-V3 pipeline并重用 
DeepSeek-V3 的 SFT 数据集的部分内容。对于某些非推理任务，我们会调用 DeepSeek-V3 生成潜在思路链，然后再
通过提示回答问题。但对于更简单的查询，例如“你好”，我们不提供 CoT 作为响应。最终，我们总共收集了约 20 万
个与推理无关的训练样本。



DeepSeek R1 Zero:
DeepSeek-R1-Zero struggles with challenges like poor readability, and language mixing.

Distillation:
1. distilling more powerful models into smaller ones yields excellent results.
2. while distillation strategies are both economical and effective, advancing beyond the boundaries of intelligence may 

still require more powerful base models and larger scale reinforcement learning.

MCTS:
while MCTS can improve performance during inference when paired with a pre-trained value model, iteratively boosting 
model performance through self-search remains a significant challenge.

PRM:
1. challenging to explicitly define a fine-grain step in general reasoning.
2. determining whether the current intermediate step is correct is a challenging task (Automated annotation using 

models may not yield satisfactory results, while manual annotation is not conducive to scaling up).
3. reward hacking complicates the whole training pipeline.

RL:
1. long evaluation times.
2. Reward Rule Design.


