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MDP(Markov Decision Process)

Definition: (𝑺, 𝑨, 𝑹, 𝑷, 𝜸)

𝒔 ∈ 𝑺 𝒂 ∈ 𝑨 𝒓𝒕 = 𝑹(𝒔𝒕, 𝒂𝒕)

Background

𝑱(𝝅)

= 𝔼𝒂𝟎~𝝅(∙|𝒔𝟎) 𝒓(𝒔𝟎, 𝒂𝟎) + 𝜸𝔼𝒔𝟏~𝑷(∙|𝒔𝟎,𝒂𝟎) 𝔼𝒂𝟏~𝝅(∙|𝒔𝟏) 𝒓(𝒔𝟏, 𝒂𝟏) + ⋯

Policy objective:

Concept Example

• env → 𝒔𝟎
• 𝝅 → 𝒂𝟎~𝝅(∙ |𝒔𝟎)
• env → 𝒔𝟏, 𝒓𝟎
• ...

𝒔𝒕

𝒔𝒕+𝟏

𝑷(𝒔𝒕+𝟏|𝒔𝒕, 𝒂𝒕)

𝒂𝒕

𝒓𝒕

𝝅

𝒔, 𝒓

𝒂

𝐞𝐧𝐯

Markov property: 𝑷(𝒔𝒕+𝟏|𝒔<𝒕, 𝒂<𝒕, 𝒔𝒕, 𝒂𝒕) = 𝑷(𝒔𝒕+𝟏|𝒔𝒕, 𝒂𝒕)
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train a model

Imitation Learning

compounding errors



RLGSSL

NeurIPS 2024



Method

MDP for Semi-Supervised Learning

policy: 

state: 

action: 

one-armed bandit:   No need for 𝜸 and 𝑷

reward function: data mixup



Method



Experiments



Experiments

Main Results



Experiments

Ablation Study



NFT



RL for LLMs

Language-augmented MDP: (𝑽, 𝑺, 𝑨, 𝑹, 𝑷, 𝜸) where  𝜸=1

vocabulary

MDP: (𝑺, 𝑨, 𝑹, 𝑷, 𝜸)

A specific token: 𝒘 ∈ 𝑽

𝑺: 𝑺 ⊂ 𝑽𝑴 𝒔 = (𝒘𝟏, 𝒘𝟐, 𝒘𝟑, . . . , 𝒘𝑴) 𝒔𝟎: 𝐩𝐫𝐨𝐦𝐩𝐭

𝑨: 𝑺 ⊂ 𝑽𝑵 𝒂 = (𝒘𝟏, 𝒘𝟐, . . . , 𝒘𝑵)

𝑹: 𝒓 = 𝑹(𝒔, 𝒂)

𝑷: 𝑺 × 𝑽 → 𝑺 𝒔𝒊+𝟏 = (𝒔𝒊, 𝒘𝒊) = (𝒔𝟎, 𝒘𝟏:𝒊+𝟏) auto-regressive paradigm

Sentence-level policy: 𝝅(𝒂|𝒔𝟎) =ෑ

𝒊=𝟏

𝑵

𝝅(𝒘𝒊|𝒔𝟎, 𝒘𝟏:𝒊−𝟏)

Token-level policy: 𝝅(𝒘𝒊|𝒔𝟎, 𝒘𝟏:𝒊−𝟏)

𝑱(𝝅) = 𝔼𝒔𝟎~𝑫 𝔼𝒂~𝝅(∙|𝒔𝟎) 𝒓(𝒔𝟎, 𝒂)

Policy objective:



Motivation

Rejection sampleing Fine-Tuning (RFT)

How to leverage negative feedbacks?



Why use RL?

Prompt: 𝑠
Candidate answers: 𝒂𝟏, 𝒂𝟐, 𝒂𝟑, 𝒂𝟒
Quality rank: 𝒂𝟏 > 𝒂𝟐 > 𝒂𝟑 > 𝒂𝟒

How can we optmize the model?

Supervised learning: 𝐦𝐚𝐱 𝐥𝐨𝐠 𝒑(𝒂𝟏|𝒔)

Data waste & poor generalization

A solution:

for each answers: 𝐦𝐚𝐱 𝑹𝒊 ∙ 𝐥𝐨𝐠 𝒑(𝒂𝒊|𝒔)
gradient: 𝑹𝒊∙ 𝛁𝜽𝐥𝐨𝐠 𝒑𝜽(𝒂𝒊|𝒔)

✓ The policy gradient of RL



Connection between SL and RL

Supervised Learning

Reinforcement Learning

leverage of negative feedbackson-policy constraint



Method

target policy



Method

To further utilize positive data,



Experiments



Experiments

Negative feedback enhances exploration



总体技术路线

Questions

Answers

Verifier

𝑹𝒑𝒓𝒐𝒑𝒐𝒔𝒆𝒓 𝑹𝒔𝒐𝒍𝒗𝒆𝒓

Proposer Solver

① ①

②

③

③③

将答案经过验证器，根据答案的正确性以及是否调用工具

分别给出提问智能体与应答智能体的对抗性奖励以进行强化学习优化

tool 
use

✓ 该过程可形式化为一个Stackelberg博弈或迭代对抗训练框架

提问智能体生成问题 将问题输入给应答智能体

应答智能体针对给定问题，

选择是否调用工具并生成答案



目的：自动化获得有效的问题以实现无人工参与的动态探测知识边界，并通过大模型对工具的反复调用获得对应

真实答案，为后续可验证奖励提供参考，从而实现基于强化学习的模型能力优化。

技术方案：自动化问题-答案生成

𝑎𝑛 = 𝑎𝑛−1 = 𝑎𝑛−2

Proposer

Solver

Question

look twice

Tool

. . .

Answer 𝑎𝑘

until  

QA buffer

Gold Answer

①

②
问题回顾机制

迭代答案生成机制

Solver

Answer 𝑎2

Answer 𝑎1



技术方案：对抗性奖励设计

目的：通过基于答案的正确性与是否调用工具设计对抗性奖励，从而实现提问智能体与应答智能体的对抗博弈，

鼓励提问智能体尽可能提出难度较高的问题，并且鼓励应答智能体尽可能通过自身知识解决问题。

Gold Answer

Tool Use?

Answers

Yes

No

right?

𝑹𝒑𝒓𝒐𝒑𝒐𝒔𝒆𝒓 = 𝟏,𝑹𝒔𝒍𝒐𝒗𝒆𝒓 = 𝟏

𝑹𝒑𝒓𝒐𝒑𝒐𝒔𝒆𝒓 = 𝟎,𝑹𝒔𝒍𝒐𝒗𝒆𝒓 = 𝟐

𝑹𝒑𝒓𝒐𝒑𝒐𝒔𝒆𝒓 = 𝟐,𝑹𝒔𝒍𝒐𝒗𝒆𝒓 = 𝟎

RL optimization (PPO、GRPO...)

Solver

Questions



Thanks


