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Fine-Tuning Language Models from Human Preferences 
(OpenAI, 2019. 09. 18)

• Apply RL to tasks where reward is defined by human judgment

https://arxiv.org/pdf/1909.08593



Training language models to follow 

instructions with human feedback
John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov

OpenAI
NeurIPS 2022



InstructGPT: Training language models to follow instructions with human feedback 
(2022.05.04, OpenAI)
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PPO : Proximal Policy Optimization Algorithms

• TRPO: Trust Region Policy Optimization(ICML 2015)

• Policy Gradient Methods :
• policy ∶ 𝜋𝜃 𝑎𝑡 𝑠𝑡
• advantage ∶ መ𝐴𝑡

• PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

• RLHF(PPO) : Training language models to follow instructions with human feedback(NeurIPS2022)



PPO : Proximal Policy Optimization Algorithms

• TRPO: Trust Region Policy Optimization(ICML 2015)

• PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

• RLHF(PPO) : Training language models to follow instructions with human feedback(NeurIPS2022)

• Policy Gradient Methods :
• policy ∶ 𝜋𝜃 𝑎𝑡 𝑠𝑡
• advantage ∶ መ𝐴𝑡

Important sampling



Secrets of RLHF in Large Language Models (arXiv 2023)



PPO : Proximal Policy Optimization Algorithms

• Policy ? 

• Advantage ?

• Important sampling ? 



PPO : Proximal Policy Optimization Algorithms

• Policy ? 

• Value based learning, policy based learning

• Advantage ?

• GAE, TD Error

• Important sampling ? 



Reinforcement Learning

•상태(State, 𝒔)

• 𝒔 = 𝑠𝟎, 𝑠𝟏, 𝑠𝟐, 𝑠𝟑, 𝑠𝟒, 𝑠𝟓, 𝑠𝟔, 𝑠𝟕, 𝑠𝟖, 𝑠𝑢𝑐𝑐𝑒𝑠𝑠, 𝑓𝑎𝑖𝑙

•행동(Action, 𝒂)

•𝒂 = {𝑢𝑝, 𝑑𝑜𝑤𝑛, 𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡}

•Reward

• 𝑠𝑢𝑐𝑐𝑒𝑠𝑠: +10

• 𝑓𝑎𝑖𝑙: -10

• 이동 : -1

•Episode 

• 𝒔𝟎, 𝒂𝑫 → 𝒔𝟐, 𝒂𝑫 → 𝒔𝟒, 𝒂𝑹 → 𝒔𝟓, 𝒂𝑹 → 𝑺𝒖𝒄𝒄𝒆𝒔𝒔

𝑺𝟎 𝑺𝟏 𝑭𝒂𝒊𝒍

𝑺𝟐 𝑺𝟑 𝑺𝟒

𝑺𝟒 𝑺𝟓 𝒔𝒖𝒄𝒄𝒆𝒔𝒔



Reinforcement Learning(Q-Value function)

• Q-value function(state-action value function)

Q-value 𝒔𝟎 𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟒 𝒔𝟓 𝒔𝟔

Up - - 0.1 0.2 0.2 0.5 0.5

Down 0.4 0.5 0.3 0.3 0.4 - -

Right 0.2 0.2 0.1 0.5 - 0.8 0.4

left - 0.3 - 0.1 0.3 - 0.4

𝑺𝟎 𝑺𝟏 𝑭𝒂𝒊𝒍

𝑺𝟐 𝑺𝟑 𝑺𝟒

𝑺𝟓 𝑺𝟔 𝒔𝒖𝒄𝒄𝒆𝒔𝒔

Agent

= 𝑟𝑡 + 𝛾𝑟𝑡+1 + 𝛾2𝑟𝑡+2 + …

𝐺𝑡 : 𝑡에서의 Return

• Policy :

discount factor

• r𝑡
• 𝑠𝑢𝑐𝑐𝑒𝑠𝑠: +10

• 𝑓𝑎𝑖𝑙: -10

• 이동 : -1

• Ex) 초기 Policy 상태



Reinforcement Learning(Q-Value function)

Agent • Q-value function(state-action value function)

• Policy:

𝒔𝟎 𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟒 𝒔𝟓 𝒔𝟔
Up - - 0.1 0.2 0.2 0.5 0.5

Down 0.4 0.4 0.3 0.3 0.4 - -

Right 0.2 0.5 0.1 0.5 - 0.8 0.4

left - 0.3 - 0.1 0.3 - 0.2

𝑺𝟎 𝑺𝟏 𝑭𝒂𝒊𝒍

𝑺𝟐 𝑺𝟑 𝑺𝟒

𝑺𝟓 𝑺𝟔 𝒔𝒖𝒄𝒄𝒆𝒔𝒔

= 𝑟𝑡 + 𝛾𝑟𝑡+1 + 𝛾2𝑟𝑡+2 + …

• TD Error: 

• Ex) 𝑄(𝑠6, 𝑢𝑝)의 TD Error
• −1(𝑟𝑡) + 0.9(𝛾) × 0.5 − 0.5 = −1.05
• 𝑄(𝑠6, 𝑢𝑝) = 0.5 – 𝛼 × 1.05 = −0.55 (𝛼 = 1)

현재 상태에서 예측된 보상과 미래의 실제 경험한 보상의 차이



Reinforcement Learning(Q-Value function)

Agent
• Q-value function(state-action value function)

• Policy:

𝒔𝟎 𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟒 𝒔𝟓 𝒔𝟔
Up - - 0.1 0.2 0.2 0.5 -0.55

Down 0.4 0.4 0.3 0.3 0.4 - -

Right 0.2 0.5 0.1 0.5 - 0.8 10

left - 0.3 - 0.1 0.3 - 0.2

𝑺𝟎 𝑺𝟏 𝑭𝒂𝒊𝒍

𝑺𝟐 𝑺𝟑 𝑺𝟒

𝑺𝟓 𝑺𝟔 𝒔𝒖𝒄𝒄𝒆𝒔𝒔

• TD Error: 

• Ex) 𝑄(𝑠6, 𝑢𝑝)의 TD Error
• −1(𝑟𝑡) + 0.9(𝛾) × 0.5 − 0.5 = −1.05
• 𝑄(𝑠6, 𝑢𝑝) = 0.5 + 𝛼 × −1.05 = −0.55 (𝛼 = 1)

• TD Error: 

• Ex) 𝑄(𝑠6, 𝑟𝑖𝑔ℎ𝑡)의 TD Error
• 10(𝑟𝑡) + 0.9(𝛾) × 0 − 0.5 = 9.5
• 𝑄(𝑠6, 𝑟𝑖𝑔ℎ𝑡) = 0.5 + 𝛼 × 9.5 = 10 (𝛼 = 1)



Reinforcement Learning(Q-Value function)

Agent • Value function(state-action value function)

𝑺𝟎 𝑺𝟏 𝑭𝒂𝒊𝒍

𝑺𝟐 𝑺𝟑 𝑺𝟒

𝑺𝟓 𝑺𝟔 𝒔𝒖𝒄𝒄𝒆𝒔𝒔

• TD Error: 
• Ex) 𝑉(𝑠𝑡=6) 와 𝑉(𝑠𝑡+1=3)의 TD Error
• −1 + 0.9 × 0.25 − 0.4 = 0.275
• 0.4+0.275 = 0.675

• TD Error: 
• Ex) 𝑉(𝑠𝑡=6)와 𝑉(𝑠𝑡+1=𝑆)의 TD Error
• −1 + 0.9 × 10 − 0.4 = 7.6
• 0.4+7.6 = 8

• TD Error: 

Value 𝒔𝟎 𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟒 𝒔𝟓 𝒔𝟔
Up - - 0.1 0.1 0.2 0.4 0.6

Down 0.4 0.4 0.3 0.3 0.4 - -

Right 0.2 0.5 0.2 0.5 - 0.8 0.4

left - 0.3 - 0.1 0.3 - 0.2

AVG 0.3 0.4 0.2 0.25 0.3 0.6 0.4

𝜋(𝑠) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎[𝑟 𝑠, 𝑎 + 𝛾𝑉 𝑠′ ]



Reinforcement Learning(Q-Value function)

Agent • Value function(state-action value function)

𝑺𝟎 𝑺𝟏 𝑭𝒂𝒊𝒍

𝑺𝟐 𝑺𝟑 𝑺𝟒

𝑺𝟓 𝑺𝟔 𝒔𝒖𝒄𝒄𝒆𝒔𝒔

• TD Error: 
• Ex) 𝑉(𝑠𝑡=6) 와 𝑉(𝑠𝑡+1=3)의 TD Error
• −1 + 0.9 × 0.25 − 0.4 = 0.275
• 0.4+0.275 = 0.675

• TD Error: 
• Ex) 𝑉(𝑠𝑡=6)와 𝑉(𝑠𝑡+1=𝑆)의 TD Error
• 10 + 0.9 × 0 − 0.4 = 9.6
• 0.4+9.6 = 10

• TD Error: 

Value 𝒔𝟎 𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟒 𝒔𝟓 𝒔𝟔
Up - - 0.1 0.1 0.2 0.4 0.675

Down 0.4 0.4 0.3 0.3 0.4 - -

Right 0.2 0.5 0.2 0.5 - 0.8 10

left - 0.3 - 0.1 0.3 - 0.2

AVG 0.3 0.4 0.2 0.25 0.3 0.6 3.685

𝜋(𝑠) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎[𝑟 𝑠, 𝑎 + 𝛾𝑉 𝑠′ ]



Reinforcement Learning

But!

• Value-based 학습처럼특정상태에서즉각적인보상을학습하면연속적인행동공간(Continuous action)이나

확률적정책(Stochastic policy)을다루기어려움

EX) 조금극단적인상황을가정 (왼쪽𝑠2와오른쪽𝑠2같음) : 

𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟐 𝒔𝟒

DIE Goal DIE

𝒔𝒕 = 𝑳,𝑹,𝑼,𝑫
𝒔𝟏 = 𝟎, 𝟏, 𝟎, 𝟏
𝒔𝟐 = 𝟏, 𝟏, 𝟎, 𝟎
𝒔𝟑 = 𝟏, 𝟏, 𝟎, 𝟏
𝒔𝟒 = 𝟏, 𝟎, 𝟎, 𝟏

문제점 : 
𝒔𝟐 일 때, 
Q(𝒔𝟐, 𝑹) > Q(𝒔𝟐, 𝑳) 이면, 반복이 발생.

다시 학습하면
Q(𝒔𝟐, 𝑹) < Q(𝒔𝟐, 𝑳), 또 반복...

Value 𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟒
Down 0.0 - 1.0 0.0

Right 1.0 1.0 0.0 -

left - 0.0 0.0 1.0



Reinforcement Learning

But!

• Value-based 학습처럼특정상태에서즉각적인보상을학습하면연속적인행동공간(Continuous action)이나

확률적정책(Stochastic policy)을다루기어려움

• Policy-based Learning

• 목표 :장기적인보상(Expected Return) 최적화

• 강화학습의궁극적인목표는단기보상이아니라장기적인성과를높이는것입니다.

• 즉, 단순히현재상태에서가장높은보상을받는행동을선택하는것이아니라, 미래까지고려한최적의

행동을학습해야합니다.



Reinforcement Learning(Policy-based Learning)

•Policy based learning

• 𝝅𝜽(𝒂|𝒔)를 직접 학습, 즉 확률적 선택 (sampling)이 가능.

•Policy Gradient Objective :

•정책이 이득이 큰 행동에는 더 높은 확률을 부여하도록 학습

• ෡𝑨𝑡 : Advantage Function

• ෡𝑨𝑡 > 0 : 𝑙𝑜𝑔𝜋𝜃 𝑎𝑡 𝑠𝑡 값을최대화

• ෡𝑨𝑡 < 0 : 𝑙𝑜𝑔𝜋𝜃 𝑎𝑡 𝑠𝑡 값을최소화

• 학습의어려움

1. 에피소드에대한경우의수가많아학습이어려움.

2. 𝐺𝑡 에대한 variance가높음

𝑺𝟎 𝑺𝟏 𝑭𝒂𝒊𝒍

𝑺𝟐 𝑺𝟑 𝑺𝟒

𝑺𝟓 𝑺𝟔 𝒔𝒖𝒄𝒄𝒆𝒔𝒔

• 에피소드예제(𝛾 = 1, መ𝐴𝑡≈𝐺𝑡):

(𝑠0,𝑎𝑅 → 𝑠1,𝑎𝐷 → 𝑠3,𝑎𝐷 → 𝑠6,𝑎𝑅 → 𝑠𝑆), 𝐺𝑡= −1 4+10

(𝑠0,𝑎𝑅 → 𝑠1,𝑎𝑅 → 𝑠𝐹), 𝐺𝑡= −1 2-10

(𝑠0,𝑎𝑅 → 𝑠1), 𝐺𝑡=-1 + ?

(𝑠0,𝑎𝐷 → 𝑠2),𝐺𝑡=-1 + ?

𝑠0,𝑎𝐷 → 𝑠2,𝑎𝑢 → 𝑠0,𝑎𝑅 → 𝑠1… ,𝐺𝑡=?

(𝑠0,𝑎𝐷 → 𝑠2,𝑎𝑢 → 𝑠0,𝑎𝐷 → 𝑠2,𝑎𝐷 → 𝑠5…),𝐺𝑡=?

…



Reinforcement Learning (Policy based text generation)

Policy based RL

• 𝑠𝑡𝑎𝑡𝑒 : 토큰시퀀스(Token Sequence) 또는이전문장이상태

• 𝑎𝑐𝑡𝑖𝑜𝑛 : 다음단어(Token)

• BLEU : BLEU 점수

오늘 날씨가
참 좋네요.

The

오늘 날씨가 참
좋네요. The

weather 

The weather is really nice today.

… BLEU

Reward (෡𝑨𝑡 )

Target:
The weather is really nice today.

The weather is nice.

A Study of Reinforcement Learning for Neural Machine Translation(EMNLP 2018)

Policy

𝒂𝒕

𝒔𝒕 𝒔𝒕+𝟏

𝒂𝒕+𝟏

This loss function is a 
fundamental concept

https://aclanthology.org/D18-1397.pdf


Secrets of RLHF in Large Language Models (arXiv 2023)



PPO : Proximal Policy Optimization Algorithms

• Policy? 

• Advantage? 

• GAE, TD Error

• Important sampling?



Reinforcement Learning(Policy-based Learning)

• GAE(Generalized Advantage Estimation)

•강화학습에서 Advantage Function( መ𝐴𝑡 )의 Variance를 줄이기 위해 사용됩니다. 

기존의 Advantage Function(Ex:𝐺𝑡)은 Variance가 높아서 학습이 불안정할 수 있는데, GAE는 TD Error를

시간에 따라 감쇠시켜 더 안정적이고 효율적으로 학습합니다.

•TD Error : 현재 상태에서 예측된 보상과 미래의 실제 경험한 보상의 차이

• 𝛿𝑡 = 𝑟 𝑠𝑡 , 𝑎𝑡 + 𝛾𝑉 𝑠𝑡+1 − 𝑉(𝑠𝑡)

• ෡𝐴𝑡 𝑠𝑡 , 𝑎𝑡 = ∑ 𝛾𝜆 𝑙𝛿𝑡+𝑙

•𝛾 ∶ 미래의 보상에 대한 가치를 얼마나 중요하게 생각할지를 결정(0 ≤ 𝛾 ≤ 1)

•𝜆 : TD Error의 누적을 제어 (0 ≤ 𝜆 ≤ 1)

• ෡𝐴𝑡 𝑠𝑡 , 𝑎𝑡 = 𝛿𝑡 + 𝛾𝜆 1𝛿𝑡+1 + 𝛾𝜆 2𝛿𝑡+2 +⋯

= [𝑟 𝑠𝑡 , 𝑞𝑡 + 𝛾𝑉 𝑠𝑡+1 − 𝑉(𝑠𝑡)] + [𝑟 𝑠𝑡+1, 𝑞𝑡+1 + 𝛾𝑉 𝑠𝑡+2 − 𝑉(𝑠𝑡+1)]+…

• R st, at =−1, V(st+1) = 6, V(st)=5

• 𝛿𝑡=0 예측이정확함.

• R st, at =−1, V(st+1) = 8, V(st)=5 

• 𝛿𝑡 >0  : 예측보다좋음 → Value function 증가

• R st, at =−1, V(st+1) = 4, V(st)=5,

• 𝛿𝑡<0 : 예측보다나쁨 → Value function 감소
현재 상태미래의 보상

★ 즉… 현재 상태 예측된 보상 에서 여러 누적 TD Error를합쳐서(GAE) Return값을만든다



Secrets of RLHF in Large Language Models (arXiv 2023)



PPO : Proximal Policy Optimization Algorithms

• Policy? 

• Advantage?

• Important sampling?



PPO : Proximal Policy Optimization Algorithms

Problems in Policy-based RL for Text Learning

• Sample

• 학습을위해 sampling 해야할 Text(𝑠𝑡, 𝑎𝑡)가너무많음

• 업데이트후새로운Policy(𝜋𝜃)에서 sampling을해야함

• Reward(Advantage)

• Reward 의입력인 sampling text의특성으로인해 variance가높음

Solving with PPO

• Sample variance  → Importance sampling

• Cliping

• Reward variance  → GAE



PPO : Proximal Policy Optimization Algorithms

• Importance sampling

• 확률분포 𝑃(𝑥)에서 sampling하기 어렵지만, 유사한 분포 𝑄(𝑥)에서는

샘플링이 쉽고, 이를 통해 𝑃(𝑥)에 대한 기댓값을 추정할 때 사용됩니다. 

• 𝑄(𝑥)에서 sampling한후비율
𝑃(𝑥)

𝑄(𝑥)
를곱해보정합니다.



PPO : Proximal Policy Optimization Algorithms

• Importance sampling : 주사위예제

• 6면 주사위를 던질 때, 나오는 숫자가 4 이상일 확률을 계산한다고 가정합니다.



PPO : Proximal Policy Optimization Algorithms

• Importance sampling : 주사위예제



PPO : Proximal Policy Optimization Algorithms

• TRPO: Trust Region Policy Optimization(ICML 2015)

• PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

• RLHF(PPO) :Training language models to follow instructions with human feedback

• Policy Gradient Methods :
• policy ∶ 𝜋 𝑎𝑡 𝑠𝑡
• advantage ∶ መ𝐴𝑡

Important sampling



Secrets of RLHF in Large Language Models (arXiv 2023)



PPO : Proximal Policy Optimization Algorithms

• TRPO: Trust Region Policy Optimization(ICML 2015)

• PPO: Proximal Policy Optimization Algorithms(arxiv 2017)

• RLHF(PPO) :Training language models to follow instructions with human feedback

• Policy Gradient Methods :
• policy ∶ 𝜋 𝑎𝑡 𝑠𝑡
• advantage ∶ መ𝐴𝑡



Secrets of RLHF in Large Language Models (arXiv 2023)



After InstructGPT

• DPO : Direct Preference Optimization: Your Language Model is 
Secretly a Reward Model (NeurIPS 2023)

• DeepSeek-R1 - GRPO : Group Relative Policy Optimization



DPO : Direct Preference Optimization: Your 
Language Model is Secretly a Reward Model 
(NeurIPS 2023)

• 𝑦𝑤 ∶ "winning" response (the better or more preferred response)

• 𝑦𝑙 : "losing" response (the less preferred response)



DPO : Direct Preference Optimization: Your 
Language Model is Secretly a Reward Model 
(NeurIPS 2023)

𝜋∗ 𝑦 𝑥 =
1

𝑧 𝑥
𝜋𝑟𝑒𝑓 𝑦 𝑥 exp(

1

𝛽
𝑅𝑀𝜙 𝑥, 𝑦 )

𝔼𝑦~𝜋𝜃[𝑅𝑀𝜙 𝑥, 𝑦 − 𝛽log(
𝜋𝜃(𝑦|𝑥)

𝜋𝑟𝑒𝑓(𝑦|𝑥)
)]



DPO : Direct Preference Optimization: Your Language 
Model is Secretly a Reward Model (NeurIPS 2023)

𝜋∗ 𝑦 𝑥 =
1

𝑧 𝑥
𝜋𝑟𝑒𝑓 𝑦 𝑥 exp(

1

𝛽
𝑅𝑀𝜙 𝑥, 𝑦 )

𝔼𝑦~𝜋𝜃[𝑅𝑀𝜙 𝑥, 𝑦 − 𝛽log(
𝜋𝜃(𝑦|𝑥)

𝜋𝑟𝑒𝑓(𝑦|𝑥)
)]



GRPO: Group Relative Policy optimization



GRPO: Group Relative Policy optimization

• Objective Function:

• Advantage :
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