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Introduction

(𝑠𝑡, 𝑎𝑡, 𝑟𝑡+1, 𝑠𝑡+1)

• 𝐺𝑡 t 이후

✓ 𝐺𝑡 = 𝑟𝑡+1 + 𝛾𝑟𝑡+2 + 𝛾2𝑟𝑡+3…

𝝅(𝒂|𝒔) : 확률 변수 𝑎 에 대한조건부확률함수

𝑸(𝒔𝒕, 𝒂𝒕): 확률 변수 𝐺𝑡에 대한조건부기댓값

✓ 𝑄 𝑠𝑡, 𝑎𝑡 = 𝐸[𝐺𝑡|𝑆 = 𝑠𝑡 , 𝐴 = 𝑎𝑡]

Transition Probability
𝑃(𝑠′, 𝑟|𝑠, 𝑎)

Policy
𝜋(𝑎|𝑠)

Action-value function
𝑄 𝑠, 𝑎1 = 13
𝑄 𝑠, 𝑎2 = 8



5/53

Introduction

• Actor-Critic Method

✓ 정책 함수 𝜋𝜙(𝑎|𝑠) : 확률 변수 𝑎 에 대한 조건부 확률 함수 𝜋를 추정하는 함수/신경망(𝜙)

✓ 가치 함수 𝑄𝜃(𝑠, 𝑎) : 확률 변수 𝐺𝑡의 조건부 기댓값 Q를 추정하는 함수/신경망(𝜃)

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 = 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑖𝑒 𝐸[𝑄𝜃 𝑠, 𝑎 𝑙𝑜𝑔𝜋𝜙(𝑎|𝑠)]

𝑄𝜃 𝑠𝑡 , 𝑎𝑡 ← 𝒓𝒕+𝟏 + 𝛾𝐸𝑎𝑡+1 [𝑄𝜃 𝑠𝑡+1, 𝑎𝑡+1 ]

Rollout
(Generate Dataset)

Learning Agent

Classical RL
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• 정책 함수 (Policy Function) 𝜋𝜙: 상태가 주어졌을 때 행동을 선택하는 함수

• 행동 가치함수 (Action-value Function) 𝑄𝜃 : 상태에 대한 행동이 얼마나 좋은지 판단하는 함수

𝒔𝒕

𝒔𝒕

𝒂𝒕

Policy Function

130

Action-value Function

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 = 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑖𝑒 𝐸[𝑄𝜃 𝑠, 𝑎 𝑙𝑜𝑔𝜋𝜙(𝑎|𝑠)]

𝑄𝜃 𝑠𝑡, 𝑎𝑡 ← 𝑟𝑡+1 + 𝛾𝐸𝑎𝑡+1 [𝑄𝜃 𝑠𝑡+1, 𝑎𝑡+1 ]

Introduction
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• 정책 함수 (Policy Function) 𝜋𝜙: 상태가 주어졌을 때 행동을 선택하는 함수

• 행동 가치함수 (Action-value Function) 𝑄𝜃 : 상태에 대한 행동이 얼마나 좋은지 판단하는 함수

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑖𝑒 𝐸[𝑄𝜃 𝑠, 𝑎 𝑙𝑜𝑔𝜋𝜙(𝑎|𝑠)]

Policy Objective

𝒔𝒕

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 = 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑖𝑒 𝐸[𝑄𝜃 𝑠, 𝑎 𝑙𝑜𝑔𝜋𝜙(𝑎|𝑠)]

𝑄𝜃 𝑠𝑡, 𝑎𝑡 ← 𝑟𝑡+1 + 𝛾𝐸𝑎𝑡+1 [𝑄𝜃 𝑠𝑡+1, 𝑎𝑡+1 ]

𝑎

𝜋𝜙(𝑎|𝑠) 𝜋𝜙( | ) = 0.3 𝜋𝜙( | ) = 0.4

𝑄𝜃 𝑠, 𝑎 𝑄𝜃( ) = 60 𝑄𝜃 = −40, ,

𝜋𝜙( | ) = 0.5 𝜋𝜙( | ) = 0.2

Policy Function

Introduction
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• 정책 함수 (Policy Function) 𝜋𝜙: 상태가 주어졌을 때 행동을 선택하는 함수

• 행동 가치함수 (Action-value Function) 𝑄𝜃 : 상태에 대한 행동이 얼마나 좋은지 판단하는 함수

Action-value Objective

𝒔𝒕

𝒂𝒕

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 = 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑖𝑒 𝐸[𝑄𝜃 𝑠, 𝑎 𝑙𝑜𝑔𝜋𝜙(𝑎|𝑠)]

𝑄𝜃 𝑠𝑡, 𝑎𝑡 ← 𝑟𝑡+1 + 𝛾𝐸𝑎𝑡+1 [𝑄𝜃 𝑠𝑡+1, 𝑎𝑡+1 ]

𝒔𝒕 𝒂𝒕 𝒔𝒕+𝟏 𝒂𝒕+𝟏𝒓𝒕+𝟏

+5

, ,

,

Target Q Value
Update Current 

Q Value

Action-value Function

Introduction

𝑄𝜃 𝑠𝑡 , 𝑎𝑡 ← 𝑟𝑡+1 + 𝛾𝐸𝑎𝑡+1 [𝑄𝜃 𝑠𝑡+1, 𝑎𝑡+1 ]



9/53

Preliminaries

• 상태가치함수 (State-value Function) 𝑉𝜂: 상태가 얼마나 좋은지 판단하는 함수

• 𝑉𝜋 𝑠 = 𝐸𝑎~𝜋[𝑄
𝜋 𝑠, 𝑎 ]

𝒔𝒕

State-Value Function

130

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 = 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑖𝑒 𝐸[𝑄𝜃 𝑠, 𝑎 𝑙𝑜𝑔𝜋𝜙(𝑎|𝑠)]

𝑄𝜃 𝑠𝑡 , 𝑎𝑡 ← 𝒓𝒕+𝟏 + 𝛾𝐸𝑎𝑡+1 [𝑄𝜃 𝑠𝑡+1, 𝑎𝑡+1 ]

𝑽𝜼
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Introduction

• How to formulate reward in robotic manipulation task?

✓ How much reward for pressing the button?

✓ How much reward for opening the door?

Metaworld Environment

https://meta-world.github.io/

Too many physics...
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Introduction

• Too many bugs to manipulate complex task...

https://github.com/Farama-Foundation/Metaworld/issues/389

Metaworld Button Press

보상함수 (Reward Function)를사람이디자인하지않고강화학습에이전트를학습시킬수는없을까?

→Preference-based RL
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Introduction

• What is LLM and ChatGPT?

✓ Seq2Seq, Transformer, GPT~InstructGPT

• Training Techniques and Research Trends of LLM

✓ RLHF(Alignment Tuning), LLaMA, Alpaca, Vicuna, Falcon, etc.

• Direct Preference Optimization with Diffusion Models

✓ RLHF, DPO, Diffusion DPO, DCO

http://dmqa.korea.ac.kr/activity/seminar/416
http://dmqa.korea.ac.kr/activity/seminar/417
http://dmqa.korea.ac.kr/activity/seminar/452

http://dmqa.korea.ac.kr/activity/seminar/416
http://dmqa.korea.ac.kr/activity/seminar/417
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Preliminaries

r ො𝐫𝛙

Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement 
learning from human preferences. Advances in neural information processing systems, 30.

𝑅 𝜎0 = 120
𝑅 𝜎1 = 300

𝝈𝟎

𝝈𝟏

𝜎1 𝑖𝑠 𝑏𝑒𝑡𝑡𝑒𝑟 𝑡ℎ𝑎𝑛 𝜎0

𝝈𝟎

𝝈𝟏
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Preliminaries

𝜎0

𝝈𝟎 𝝈𝟏

𝟎 𝟏 𝟎 𝟏 𝟎 𝟏

𝑯

Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement 
learning from human preferences. Advances in neural information processing systems, 30.
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Preliminaries

𝝈𝟎 𝝈𝟏

Reward Estimator

𝝈𝟎 𝝈𝟏

5

3

3

-1

6

2

-3

10

𝚺𝝈𝟎 ො𝒓𝝍 𝒔𝒕, 𝒂𝒕 = 𝟏𝟎

𝚺𝝈𝟏 ො𝒓𝝍 𝒔𝒕, 𝒂𝒕 = 𝟏𝟓

preference
prediction

𝝈𝟎

𝝈𝟏

preference
Label

𝝈𝟎

𝝈𝟏

𝚺𝝈𝟎 ො𝒓𝝍 𝒔𝒕, 𝒂𝒕 = 𝟐

𝚺𝝈𝟏 ො𝒓𝝍 𝒔𝒕, 𝒂𝒕 = 𝟑𝟎

preference
prediction

𝝈𝟎

𝝈𝟏

Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement 
learning from human preferences. Advances in neural information processing systems, 30.
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Preliminaries

Learning Agent

Offline RL

Rollout
(Generate Dataset)

Learning Agent

Online RL

• Online RL : 에이전트가 환경과 상호 작용하며 데이터를 수집하며 가치함수 𝑄𝜃 와 정책함수 𝜋𝜙를 학습 (시뮬레이터 필요o)

✓ PPO, A3C, DrQ-v2, SAC, TD3…

• Offline RL : 사전에 수집된 데이터셋 (보상 o)을 통해 가치함수 𝑄𝜃 와 정책함수 𝜋𝜙를 학습 (시뮬레이터 필요 x)

✓ CQL, IQL, XQL, AWR, AWAC....

• 데이터 분포와 OOD 문제로 인해 사용할 수 있는 알고리즘이 다름
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Preliminaries

Learning Agent

Offline RL

preference annotation Learning Reward Estimator

Learning Agent
with estimated rewards

Offline PbRL

• Offline RL : 사전에 수집된 데이터셋 (보상 o)을 통해 가치함수 𝑄𝜃 와 정책함수 𝜋𝜙를 학습

• Offline PbRL : 사전에 수집된 데이터셋 (보상 x)에 사람이 레이블링을 하여 보상 함수 를 먼저 학습 후, 가치함수 𝑄𝜃 와 정책함수

𝜋𝜙를 학습



18/53

Advanced Methods
Reward Learning

with Demonstrations
(2018 NeurIPS)

Multimodal Rewards
from Rankings

(2021 CoRL)

SkiP
(2021 CoRL)

OPRL
(2023 TMLR)

DPPO
(2023 NeurIPS)

IPL
(2023 NeurIPS)

MIL NRM
(2022 NeurIPS)

Preference
Transformer
(2023 ICLR)

Causal Confusion and
Reward Misidentification

(2023 ICLR)

QDP-HRL
(2023 IEEE TNNLS)

Diverse Human Preferences
(2024 IJCAI)

CPL
(2024 ICLR)

DPO
(2023 NeurIPS)

LiRE
(2024 ICML)

OPPO
(2023 ICML)

SeqRank
(2023 NeurIPS)

Few-shot Preference Learning
(2022 NeurIPS)

PrefPPO/PrefA3C
(2017 NeurIPS)

PEBBLE
(2021 ICML)

SURF
(2022 ICLR)

RUNE
(2022 ICLR)

Meta-Reward Net
(2022 NeurIPS)

QPA
(2024 ICLR)

RIME
(2024 ICML)

REED
(2023 CoRL)



19/53

Advanced Methods

• RLHF : Preference-based Reinforcement Learning 1

✓ PrefPPO/A3C, PEBBLE, SURF, RUNE

✓ Data Recycling, Semi-Supervised Learning, Uncertainty-based Exploration

• RLHF : Preference-based Reinforcement Learning 2

✓ Meta-Reward Net, REED, QPA, RIME

✓ Bi-level Optimization, Self-Supervised Learning, Query Sampling, Noisy Preferences

http://dmqa.korea.ac.kr/activity/seminar/435
http://dmqa.korea.ac.kr/activity/seminar/463
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Advanced Methods

• 기존 PbRL 연구가 시간 정보를 반영하지 못한 Reward Estimator를 사용하는 것을 비판

✓ 시계열 정보를 반영하고, 특정 시점에 대한 가중치를 고려할 수 있는 Transformer 기반 Reward Model을 제안

Kim, C., Park, J., Shin, J., Lee, H., Abbeel, P., & Lee, K. Preference Transformer: Modeling Human Preferences using 
Transformers for RL. In The Eleventh International Conference on Learning Representations.
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𝝈𝟎 𝝈𝟏

MLP MLP MLP MLP MLP MLP MLP MLP MLP MLP

-0.5 -1 -2 2.5 3 -3 -2 -2.5 -4 2.5

2 -11

preference
prediction

𝝈𝟎 𝝈𝟏

Advanced Methods
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Advanced Methods

AS-IS

TO-BE
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𝝈𝟎 𝝈𝟏

𝒙𝒕

Transformer DecoderTransformer Decoder

Advanced Methods

Preference Attention Layer Preference Attention Layer

-0.5 -1 -2 2.5 3 -3 -2 -2.5 -4 2.5
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𝝈𝟎 𝝈𝟏

𝒙𝒕

Transformer DecoderTransformer Decoder

Advanced Methods

Preference Attention Layer Preference Attention Layer

-0.5 -1 -2 2.5 3 -3 -2 -2.5 -4 2.5

2 -11

preference
prediction

𝝈𝟎 𝝈𝟏
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Advanced Methods

preference annotation Learning Reward Estimator

Learning Agent
with estimated rewards

AS-IS

TO-BE
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Advanced Methods

preference annotation Learning Reward Estimator

Learning Agent
with estimated rewards

𝐿𝑉 𝜂 = 𝐸 𝑠,𝑎 ~𝐷[𝐿2
𝜏 (𝑄𝜃 𝑠, 𝑎 − 𝑉𝜂(𝑠))]

𝐿𝑄 𝜃 = 𝐸 𝑠,𝑎,𝑠′ ~𝐷[ 𝑟𝜓 𝑠, 𝑎 + 𝛾𝑉𝜂 𝑠′ − 𝑄𝜃 𝑠, 𝑎
2
]

𝐿𝜋 𝜙 = 𝐸 𝑠,𝑎 ~𝐷[exp 𝛽 𝑄𝜃 𝑠, 𝑎 − 𝑉𝜂 𝑠 log𝜋𝜙 (𝑎|𝑠)]

Implicit Q-learning (IQL)
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https://bair.berkeley.edu/blog/2020/06/25/D4RL/

D4RL-Gym Locomotion D4RL-AntMaze

Advanced Methods

Robosuite

https://robosuite.ai/
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Advanced Methods

Kim, C., Park, J., Shin, J., Lee, H., Abbeel, P., & Lee, K. Preference Transformer: Modeling Human Preferences using 
Transformers for RL. In The Eleventh International Conference on Learning Representations.
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Advanced Methods

Kim, C., Park, J., Shin, J., Lee, H., Abbeel, P., & Lee, K. Preference Transformer: Modeling Human Preferences using 
Transformers for RL. In The Eleventh International Conference on Learning Representations.
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An, G., Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266.

Advanced Methods
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Advanced Methods
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An, G., Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266.

𝜋𝜃

𝜋𝜃 𝜎𝑖

Advanced Methods

𝑑 𝜋𝜃 , 𝜎
𝑖 =

1

𝐻
𝐸 𝑎~𝜋𝜃( |𝑠𝑡

𝑖)[ 𝑎 − 𝑎𝑡
𝑖

2
]

𝝈𝟎

𝒔𝒕

𝑯

𝝅𝜽

𝒂𝒕

𝝈𝟏

𝒂𝒕𝒔𝒕

𝝅𝜽

𝒂 𝒂

− 𝟐

− 𝟐

− 𝟐

− 𝟐

− 𝟐

− 𝟐

− 𝟐

− 𝟐

𝒅 𝝅𝜽, 𝝈
𝟎 = 𝟓 𝒅 𝝅𝜽, 𝝈

𝟏 = 𝟏𝟎
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An, G., Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266.

𝜋𝜃

𝜋𝜃 𝜎𝑖

Advanced Methods

𝑑 𝜋𝜃 , 𝜎
𝑖 =

1

𝐻
𝐸 𝑎~𝜋( |𝑠𝑡

𝑖)[ 𝑎 − 𝑎𝑡
𝑖

2
]

𝑠 𝜋𝜃 , 𝜎
0, 𝜎1 = log

exp(−𝑑 𝜋𝜃 , 𝜎
0 )

exp(−𝑑(𝜋𝜃 , 𝜎
0)) + exp(−𝑑(𝜋𝜃 , 𝜎

1))

𝝈𝟎 ≻ 𝝈𝟏

𝝅(𝒂|𝒔)

𝝈𝟏

𝝈𝟎

𝒅 𝝅, 𝝈𝟎
𝒅 𝝅, 𝝈𝟏

𝐿𝑜𝑠𝑠 = 𝐸 𝜎0,𝜎1,𝑦 ~𝐷𝑝𝑟𝑒𝑓
[ 1 − 𝑦 ⋅ 𝑠 𝜋𝜃 , 𝜎

0, 𝜎1 + 𝑦 ⋅ 𝑠(𝜋𝜃 , 𝜎
1, 𝜎0)]
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An, G., Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266.

Advanced Methods

𝑠 𝜋𝜃, 𝜎
0, 𝜎1 = log

exp(−𝑑 𝜋𝜃, 𝜎
0 )

exp(−𝑑(𝜋𝜃 , 𝜎
0)) + exp(−𝑑(𝜋𝜃, 𝜎

1))

𝝅(𝒂|𝒔)

log
exp(−3)

exp −3 + exp(−5)
= 0.88 log

exp(−13)

exp −13 + exp(−15)
= 0.88
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An, G., Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266.

• 𝜆 ∈ (0,1)

Advanced Methods

𝝅(𝒂|𝒔)

𝑠 𝜋𝜃, 𝜎
0, 𝜎1; 𝜆 = log

exp(−𝑑 𝜋𝜃, 𝜎
0 )

exp(−𝑑(𝜋𝜃 , 𝜎
0)) + exp(−𝜆𝑑(𝜋𝜃, 𝜎

1))

log
exp(−3)

exp −3 + exp(−5)
= 0.88 log

exp(−13)

exp −13 + exp(−15)
= 0.88

log
exp(−3)

exp −3 + exp(−5𝜆)
= 0.37 log

exp(−13)

exp −13 + exp(−15𝜆)
= 0.04
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An, G., Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 
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𝑠 𝜋𝜃, 𝜎
0, 𝜎1; 𝜆 = log

exp(−𝑑 𝜋𝜃, 𝜎
0 )

exp(−𝑑(𝜋𝜃, 𝜎
0)) + exp(−𝜆𝑑(𝜋𝜃, 𝜎

1))

preference
prediction

𝝈𝟎 𝝈𝟏

preference
label

𝝈𝟎 𝝈𝟏

𝐿𝜃 = 𝐸(𝜎0,𝜎1)~𝐷𝑝𝑟𝑒𝑓[(1 − 𝑦) ∙ 𝑠 𝜋𝜃, 𝜎
0, 𝜎1; 𝜆 + 𝑦 ∙ 𝑠 𝜋𝜃, 𝜎

1, 𝜎0; 𝜆 ]
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𝐿𝜓 = −𝐸 𝜎0,𝜎1,𝑦 ~𝐷𝑝𝑟𝑒𝑓
1 − 𝑦 ∙ 𝑃𝜓 𝜎0 ≻ 𝜎1 + 𝑦 ∙ 𝑃𝜓 𝜎1 ≻ 𝜎0

+𝜈𝐸 𝜎,𝜎′ ~𝐷[ 𝑃𝜓 𝜎 ≻ 𝜎′ − 0.5
2
]
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𝐿𝜓 = −𝐸 𝜎0,𝜎1,𝑦 ~𝐷𝑝𝑟𝑒𝑓
1 − 𝑦 ∙ 𝑃𝜓 𝜎0 ≻ 𝜎1 + 𝑦 ∙ 𝑃𝜓 𝜎1 ≻ 𝜎0

+𝜈𝐸 𝜎,𝜎′ ~𝐷[ 𝑃𝜓 𝜎 ≻ 𝜎′ − 0.5
2
]

Collected Episodes

Preference Annotation

Preference Dataset

𝑷𝝍

𝐿𝜓

Predictor Training
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𝑠 𝜋𝜃, 𝜎
0, 𝜎1; 𝜆 = log

exp(−𝑑 𝜋𝜃, 𝜎
0 )

exp(−𝑑(𝜋𝜃, 𝜎
0)) + exp(−𝜆𝑑(𝜋𝜃, 𝜎

1))

preference
prediction

𝝈𝟎 𝝈𝟏

preference
label

𝝈𝟎 𝝈𝟏

𝐿𝜃 = 𝐸(𝜎0,𝜎1)~𝐷𝑝𝑟𝑒𝑓[(1 − 𝑦) ∙ 𝑠 𝜋𝜃, 𝜎
0, 𝜎1; 𝜆 + 𝑦 ∙ 𝑠 𝜋𝜃, 𝜎

1, 𝜎0; 𝜆 ]𝐿𝜃 = 𝐸(𝜎0,𝜎1)~𝐷 1 − ො𝑦 ∙ 𝑠 𝜋𝜃 , 𝜎
0, 𝜎1; 𝜆 + ො𝑦 ∙ 𝑠 𝜋𝜃, 𝜎

1, 𝜎0; 𝜆 ,

s. t. ො𝑦 = 𝕀{𝑃𝜓 𝜎0 ≻ 𝜎1 > 0.5}
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D4RL-Gym Locomotion D4RL-Franka Kitchen D4RL-Adroit
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𝐿𝜃 = 𝐸(𝜎0,𝜎1)~𝐷 1 − ො𝑦 ∙ 𝑠 𝜋𝜃, 𝜎
0, 𝜎1; 𝜆 + ො𝑦 ∙ 𝑠 𝜋𝜃, 𝜎

1, 𝜎0; 𝜆 ,

s. t. ො𝑦 = 𝕀{𝑃𝜓 𝜎0 ≻ 𝜎1 > 0.5}

𝐿𝜓 = −𝐸 𝜎0,𝜎1,𝑦 ~𝐷𝑝𝑟𝑒𝑓
1 − 𝑦 ∙ 𝑃𝜓 𝜎0 ≻ 𝜎1 + 𝑦 ∙ 𝑃𝜓 𝜎1 ≻ 𝜎0

+𝜈𝐸 𝜎,𝜎′ ~𝐷[ 𝑃𝜓 𝜎 ≻ 𝜎′ − 0.5
2
]

Preference PredictorDPPO Update Function
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𝑉𝜋(𝑠) 𝑠

𝑄𝜋(𝑠, 𝑎) 𝑠

• 𝐸𝑎~𝜋 𝑄𝜋 𝑠, 𝑎 = 𝑉𝜋 𝑠

• 𝐵𝑒𝑙𝑙𝑚𝑎𝑛 𝑈𝑝𝑑𝑎𝑡𝑒 ∶ 𝑄𝜋 𝑠, 𝑎 ← 𝑟 + 𝛾𝐸𝑠′[𝑉
𝜋 𝑠′ ]

Advanced Methods

𝒔𝒕 𝒂𝒕 𝒔𝒕+𝟏 𝒂𝒕+𝟏𝒓𝒕+𝟏

+5

𝒔𝒕+𝟐 𝒂𝒕+𝟐𝒓𝒕+𝟐

+12Roll-out

𝒔𝒕+𝟑 𝒂𝒕+𝟑𝒓𝒕+𝟑

-5

𝐺𝑡 = 𝑟𝑡+1 + 𝛾𝑟𝑡+2 + 𝛾2𝑟𝑡+3…

𝑉𝜋 𝑠 = 𝐸𝜋[𝐺𝑡|𝑠𝑡 = 𝑠]

𝜋(𝑎|𝑠)

𝑄𝜋 𝑠, 𝑎 = 𝐸𝜋[𝐺𝑡|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎]

= 𝐸𝜋[𝑟𝑡+1 + 𝛾𝑉𝜋(𝑠′)|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎]
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𝑉𝜋(𝑠) 𝑠

𝑄𝜋(𝑠, 𝑎) 𝑠

• 𝐸𝑎~𝜋 𝑄𝜋 𝑠, 𝑎 = 𝑉𝜋 𝑠

• 𝐵𝑒𝑙𝑙𝑚𝑎𝑛 𝑈𝑝𝑑𝑎𝑡𝑒 ∶ 𝑄𝜋 𝑠, 𝑎 ← 𝑟 + 𝛾𝐸𝑠′[𝑉
𝜋 𝑠′ ]

Advanced Methods

𝒓𝒕 = 𝑸𝝅 𝒔𝒕, 𝒂𝒕 − 𝜸𝑬𝒔𝒕+𝟏[𝑽
𝝅 𝒔𝒕+𝟏 ] = (𝚻𝝅𝑸)(𝒔, 𝒂)
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𝑉𝜋(𝑠) 𝑠

𝑄𝜋(𝑠, 𝑎) 𝑠

• 𝐸𝑎~𝜋 𝑄𝜋 𝑠, 𝑎 = 𝑉𝜋 𝑠

• 𝐵𝑒𝑙𝑙𝑚𝑎𝑛 𝑈𝑝𝑑𝑎𝑡𝑒 ∶ 𝑄𝜋 𝑠, 𝑎 ← 𝑟 + 𝛾𝐸𝑠′[𝑉
𝜋 𝑠′ ]

Advanced Methods

𝒓𝒕 = 𝑸𝝅 𝒔𝒕, 𝒂𝒕 − 𝜸𝑬𝒔𝒕+𝟏[𝑽
𝝅 𝒔𝒕+𝟏 ] = (𝚻𝝅𝑸)(𝒔, 𝒂)
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𝐿𝑉 𝜂 = 𝐸 𝑠,𝑎 ~𝐷[𝐿2
𝜏 (𝑄𝜃 𝑠, 𝑎 − 𝑉𝜂(𝑠))]

𝐿𝑄 𝜃 = 𝐸 𝑠,𝑎,𝑠′ ~𝐷[ 𝑟𝜓 𝑠, 𝑎 + 𝛾𝑉𝜂 𝑠′ − 𝑄𝜃 𝑠, 𝑎
2
]

𝐿𝜋 𝜙 = 𝐸 𝑠,𝑎 ~𝐷[exp 𝛽 𝑄𝜃 𝑠, 𝑎 − 𝑉𝜂 𝑠 log 𝜋𝜙 (𝑎|𝑠)]

IPL with IQL variant

𝑄𝜃 𝑠𝑡 , 𝑎𝑡 − 𝛾𝐸𝑠𝑡+1[𝑉𝜂 𝑠𝑡+1 ] = (Τ𝜋𝑄)(𝑠, 𝑎)
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D4RL-Gym Locomotion

Robosuite
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https://meta-world.github.io/
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Conclusion

• 보상 함수에 Transformer 구조를 사용하여 시계열성을 반영

• 보상 함수 없이 Preference Label만 가지고 에이전트를 직접 학습, Unlabeled Data까지 활용(Pseudo-labeling)

• 보상 함수를 기존 강화학습 네트워크인 V와 Q 에 대한 식으로 변형하여 추가적인 Reward Estimator 없이 학습
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Conclusion

• 보상 함수를 학습하기 위한 쿼리(query)간의 순차적 순위(ranking)를 고려하는 Online PbRL 방법론

• 보상 함수를 학습하기 위한 모든 쿼리(query)간의 순차적 순위(ranking)를 고려하는 Offline PbRL 방법론

CPL SeqRank LiRE


