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Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)
Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)
L. Vismara, et al. “Optimal assignment of buses to bus stops in a loop by reinforcement learning” Physica A (2021)
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Domain : Cheetah

…

Domain : Quadruped

Domain : Walker

WalkStand FlipRun ◦ : 학습시작

Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)
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Domain : Cheetah

…

Domain : Quadruped

Domain : Walker

WalkStand FlipRun ◦ : 학습시작

Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)

Pre-training and Fine-tuning RL Agent
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ü for Domain
ü with Self-supervised Task
ü Intrinsic Reward
ü Goal : Generalization

Pre-training and Fine-tuning RL Agent

ü for and with Downstream Task
ü Extrinsic Reward
ü Goal : Task Performance ↑

Pre-training Fine-tuning
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Downstream
Task #1
Walk

Self-supervised Task

1. Pre-training
• for Domain
• with Self-supervised Task
• Intrinsic Reward
• Goal : Generalization

2. Fine-tuning
• for and with Downstream Tasks
• Extrinsic Reward
• Goal : Task Performance ↑

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

Reinforcement Leaning
(image by Flat-Icons on IconScout under license to Chris
Mahoney)
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Domain

Downstream Task Downstream Task

Downstream Task Downstream Task

Walker

Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)
Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A., Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.

Stand Walk

Run Flip
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Downstream Task Downstream Task

Downstream Task Downstream Task

Walker

Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)

Stand Walk

Run Flip

Domain : 분야

ex : 로봇이라면, 어떤 로봇인가

Domain

Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A., Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.
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Downstream Task Downstream Task

Walker

Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)

Stand Walk

Run Flip

Downstream Task : 과업

ex) 그 로봇이 구체적으로 어떤 일을 할 것인가?

Domain

Downstream Task Downstream Task

Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A., Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.



15

Domain

Downstream Task

Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A., Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.
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Domain

Downstream Task

Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A., Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.

WalkStand FlipRun

◦ : 학습시작

Domain : Walker

Pre-train

Fine-tune
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Downstream
Task #1
Walk

Self-supervised Task

1. Pre-training
• for Domain
• with Self-supervised Task
• Intrinsic Reward
• Goal : Generalization

2. Fine-tuning
• for and with Downstream Tasks
• Extrinsic Reward
• Goal : Task Performance ↑

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)
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Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)
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Downstream
Task #1
Walk

Self-supervised Task

1. Pre-training
• for Domain
• with Self-supervised Task
• Intrinsic Reward
• Goal : Generalization

2. Fine-tuning
• for and with Downstream Tasks
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• Goal : Task Performance ↑

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)

Pre-training and Fine-tuning RL Agent
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ü for Domain
ü with Self-supervised Task
ü Intrinsic Reward
ü Goal : Generalization

Pre-training and Fine-tuning RL Agent

ü for and with Downstream Task
ü Extrinsic Reward
ü Goal : Task Performance ↑

Pre-training Fine-tuning

Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A., Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.
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ü for Domain
ü with Self-supervised Task
ü Intrinsic Reward
ü Goal : Generalization

Pre-training and Fine-tuning RL Agent

ü for and with Downstream Task
ü Extrinsic Reward
ü Goal : Task Performance ↑

Pre-training Fine-tuning

Goal :
Agent에게 Domain 내에서 Pre-training을 잘 시켜서

Domain 내에 각 Task에 대하여
Fine-tuning을 통해서 보다 빠르게 Task 성능을 끌어올릴 수 있게 하자!

Evaluation :
제한된 Fine-tuning step 안에 얼마나 좋은 성능에 도달할 수 있는가?

Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A., Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.
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Laskin, Michael, et al. "URLB: Unsupervised Reinforcement Learning Benchmark." Thirty-fifth Conference on Neural Information Processing Systems Datasets and Benchmarks Track (Round 2). 2021.
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Downstream
Task #1
Walk

Self-supervised Task

1. Pre-training
• for Domain
• with Self-supervised Task
• Intrinsic Reward
• Goal : Generalization

2. Fine-tuning
• for and with Downstream Tasks
• Extrinsic Reward
• Goal : Task Performance ↑

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)
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Downstream
Task #1
Walk

Self-supervised Task

1. Pre-training
• for Domain
• with Self-supervised Task
• Intrinsic Reward
• Goal : Generalization

2. Fine-tuning
• for and with Downstream Tasks
• Extrinsic Reward
• Goal : Task Performance ↑

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)

어떻게 Pre-train 시킬 것인가에 따라
URL은 크게 세 종류로 구분할 수 있음

=
What Self-supervised Task/Intrinsic Reward(𝒓𝒕𝒊) is used?



31

Knowledge-based Data-based Competence-based

모델의 예측과 실제의 차이가 큰 곳을
집중 공략하여

탐색의 효율을 높이는 방법

Agent가 환경에 대한 데이터를
수집할 때 엔트로피를 최대화하여
더 다양한 데이터를 수집하는 방법

Agent의 기술과 상태/행동의
상호 정보Mutual Information을 최대화할

수 있도록 하는 방법

ICM

Disagreement

RND

APT

ProtoRL

SMM

DIAYN

APS

CIC

MOSS
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Knowledge-based Data-based Competence-based
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상호 정보Mutual Information을 최대화할

수 있도록 하는 방법
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RND

APT

ProtoRL

SMM

DIAYN

APS

CIC
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𝑠! , 𝑎! , 𝑠!"#, 𝑎!"# , …

Forward 
Dynamics

Model

𝜙 𝑠!
𝑎!

&𝜙(𝑠!"#)
Feature
Extractor

𝜙 𝑠!"#
Feature
Extractor

*두 Feature Extractor는 서로 같음

현재 상태 현재 행동 실제 다음 상태

실제 다음 상태
(feature)

예측된 다음 상태
(feature)

예측된 다음 상태와 실제 다음 상태의 차이

𝑟!$ =
𝜂
2

&𝜙 𝑠!"# − 𝜙 𝑠!"# %
%

Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction." International conference on machine learning. PMLR, 2017.
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𝑠! , 𝑎! , 𝑠!"#, 𝑎!"# , …

Forward 
Dynamics

Model

𝜙 𝑠!
𝑎!

&𝜙(𝑠!"#)
Feature
Extractor

𝜙 𝑠!"#Feature
Extractor

*두 Feature Extractor는 서로 같음

현재 상태 현재 행동 실제 다음 상태

실제 다음 상태
(feature)

예측된 다음 상태
(feature)

예측된 다음 상태와 실제 다음 상태의 차이가 작음

àAgent가 충분히 학습한 상황
à더이상 탐색하지 않아도 되는 상황

à낮은 내부 보상Intrinsic Reward, 𝒓𝒕
𝒊

부여

차이 작음

Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction." International conference on machine learning. PMLR, 2017.
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𝑠! , 𝑎! , 𝑠!"#, 𝑎!"# , …

Forward 
Dynamics

Model

𝜙 𝑠!
𝑎!

&𝜙(𝑠!"#)
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Extractor

𝜙 𝑠!"#Feature
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예측된 다음 상태와 실제 다음 상태의 차이가 큼

àAgent가 충분히 학습하지 못한 상황
à탐색의 대상이 되는 상황

à높은 내부 보상Intrinsic Reward, 𝒓𝒕
𝒊

부여

차이 큼

Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction." International conference on machine learning. PMLR, 2017.
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𝑠! , 𝑎! , 𝑠!"#, 𝑎!"# , …

Forward 
Dynamics
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𝜙 𝑠!
𝑎!

&𝜙(𝑠!"#)
Feature
Extractor
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실제 다음 상태
(feature)

예측된 다음 상태
(feature)

예측된 다음 상태와 실제 다음 상태의 차이가 큼

àAgent가 충분히 학습하지 못한 상황
à탐색의 대상이 되는 상황

à높은 내부 보상Intrinsic Reward, 𝒓𝒕
𝒊

부여

차이 큼

Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction." International conference on machine learning. PMLR, 2017.

예측된
다음
상태와

실제
다음
상태의

차이
자체를

내부
보상

Intrin
sic R
ewar

d, 
𝒓 𝒕
𝒊
으로
활용
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*두 Feature Extractor는 서로 같음

Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction." International conference on machine learning. PMLR, 2017.
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(𝑠! , 𝑎!)

𝑓# 𝑓$ 𝑓% 𝑓&…

𝑠̂"#$$ 𝑠̂"#$% 𝑠̂"#$& 𝑠̂"#$'

𝑟!" = 𝑉𝑎𝑟(𝑠̂!#$$ , 𝑠̂!#$% , 𝑠̂!#$& , … , 𝑠̂!#$' )

현재 상태 현재 행동

첫 번째 모델의
다음 상태 예측

두 번째 모델의
다음 상태 예측

세 번째 모델의
다음 상태 예측

n 번째 모델의
다음 상태 예측

n 개의 모델의 다음 상태 예측에 대한 분산(편차)

…

Pathak, Deepak, Dhiraj Gandhi, and Abhinav Gupta. "Self-supervised exploration via disagreement." International conference on machine learning. PMLR, 2019.
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(𝑠! , 𝑎!)

𝑓# 𝑓$ 𝑓% 𝑓&…

𝑠̂"#$$ 𝑠̂"#$% 𝑠̂"#$& 𝑠̂"#$'

현재 상태 현재 행동

첫 번째 모델의
다음 상태 예측

두 번째 모델의
다음 상태 예측

세 번째 모델의
다음 상태 예측

n 번째 모델의
다음 상태 예측

…

편차 작음

예측된 상태 간 편차가 작음

àAgent가 충분히 학습한 상황
à더이상 탐색하지 않아도 되는 상황

à낮은 내부 보상Intrinsic Reward, 𝒓𝒕
𝒊

부여
Pathak, Deepak, Dhiraj Gandhi, and Abhinav Gupta. "Self-supervised exploration via disagreement." International conference on machine learning. PMLR, 2019.
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(𝑠! , 𝑎!)

𝑓# 𝑓$ 𝑓% 𝑓&…

𝑠̂"#$$ 𝑠̂"#$% 𝑠̂"#$& 𝑠̂"#$'

현재 상태 현재 행동
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세 번째 모델의
다음 상태 예측

n 번째 모델의
다음 상태 예측

…

편차 큼

예측된 상태 간 편차가 큼

àAgent가 충분히 학습하지 못한 상황
à탐색의 대상이 되는 상황

à높은 내부 보상Intrinsic Reward, 𝒓𝒕
𝒊

부여
Pathak, Deepak, Dhiraj Gandhi, and Abhinav Gupta. "Self-supervised exploration via disagreement." International conference on machine learning. PMLR, 2019.
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(𝑠! , 𝑎!)

𝑓# 𝑓$ 𝑓% 𝑓&…

𝑠̂"#$$ 𝑠̂"#$% 𝑠̂"#$& 𝑠̂"#$'

현재 상태 현재 행동

첫 번째 모델의
다음 상태 예측

두 번째 모델의
다음 상태 예측

세 번째 모델의
다음 상태 예측

n 번째 모델의
다음 상태 예측

…

편차 큼

예측된 상태 간 편차가 큼

àAgent가 충분히 학습하지 못한 상황
à탐색의 대상이 되는 상황

à높은 내부 보상Intrinsic Reward, 𝒓𝒕
𝒊

부여

각 모
델이 
예측한

 결과
의 편
차 자
체를

내부 
보상

Intrin
sic R
ewar

d, 
𝒓 𝒕
𝒊
로 활
용

Pathak, Deepak, Dhiraj Gandhi, and Abhinav Gupta. "Self-supervised exploration via disagreement." International conference on machine learning. PMLR, 2019.
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Pathak, Deepak, Dhiraj Gandhi, and Abhinav Gupta. "Self-supervised exploration via disagreement." International conference on machine learning. PMLR, 2019.

("! , $!)

!! !" !# !$…

%̂!"## %̂!"#$ %̂!"#% %̂!"#&

!!" = #$!(&̂!#$$ , &̂!#$% , &̂!#$& , …	, &̂!#$' )

현재 상태 현재 행동

첫 번째 모델의
다음 상태 예측

두 번째 모델의
다음 상태 예측

세 번째 모델의 
다음 상태 예측

n 번째 모델의 
다음 상태 예측

n 개의 모델의 다음 상태 예측에 대한 분산(편차)

…
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Knowledge-based Data-based Competence-based

모델의 예측과 실제의 차이가 큰 곳을
집중 공략하여

탐색의 효율을 높이는 방법

Agent가 환경에 대한 데이터를
수집할 때 엔트로피를 최대화하여
더 다양한 데이터를 수집하는 방법

Agent의 기술과 상태/행동의
상호 정보Mutual Information을 최대화할

수 있도록 하는 방법

ICM

Disagreement

RND

APT

ProtoRL

SMM

DIAYN

APS

CIC

MOSS
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Yarats, Denis, et al. "Reinforcement learning with prototypical representations." International Conference on Machine Learning. PMLR, 2021.

(𝑠" , 𝑎" , 𝑠"#$, 𝑟")

(𝑠"#$, 𝑎"#$, 𝑠"#%, 𝑟"#$)

(𝑠"#%, 𝑎"#%, 𝑠"#&, 𝑟"#%)

(𝑠"#&, 𝑎"#&, 𝑠"#(, 𝑟"#&)

⋯

Data

Laskin, Michael, et al. "URLB: Unsupervised Reinforcement Learning Benchmark." Thirty-fifth Conference on Neural Information Processing Systems Datasets and Benchmarks Track (Round 2). 2021.



45

Yarats, Denis, et al. "Reinforcement learning with prototypical representations." International Conference on Machine Learning. PMLR, 2021.

(𝑠" , 𝑎" , 𝑠"#$, 𝑟")

(𝑠"#$, 𝑎"#$, 𝑠"#%, 𝑟"#$)

(𝑠"#%, 𝑎"#%, 𝑠"#&, 𝑟"#%)

(𝑠"#&, 𝑎"#&, 𝑠"#(, 𝑟"#&)

⋯

Data

Diversi
ty ↑

Laskin, Michael, et al. "URLB: Unsupervised Reinforcement Learning Benchmark." Thirty-fifth Conference on Neural Information Processing Systems Datasets and Benchmarks Track (Round 2). 2021.
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Yarats, Denis, et al. "Reinforcement learning with prototypical representations." International Conference on Machine Learning. PMLR, 2021.

Representation

State Entropy = 𝑟")'"

①
②

& Prototypes!
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Yarats, Denis, et al. "Reinforcement learning with prototypical representations." International Conference on Machine Learning. PMLR, 2021.

학습의 대상

Loss :
𝑞!"#과 𝑝! 사이의 Cross Entropy LossEMA of 𝜽 (parameters of online network)
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Yarats, Denis, et al. "Reinforcement learning with prototypical representations." International Conference on Machine Learning. PMLR, 2021. Latent State Space

p

p

p

p

p

Representation
& Projection Prediction

Representation
& Projection

Sinkhorn-
Knopp
Clustering

⚫ : Prototypes

Online Network

Target Network

가까워지게!

p

학습

학습

EMA
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Yarats, Denis, et al. "Reinforcement learning with prototypical representations." International Conference on Machine Learning. PMLR, 2021. Latent State Space

p

p

p

p

p

Representation
& Projection Prediction

Representation
& Projection

Sinkhorn-
Knopp
Clustering

⚫ : Prototypes

Online Network

Target Network

가까워지게!

p

학습

학습

EMA
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p

p
p

p
⚫ : Prototypes
⚪ : Candidates (∈ 𝑄)
p

Latent State Space
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p

p

p

p

⚫ : Prototypes
⚪ : Candidates (∈ 𝑄)
p

Latent State Space
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p

p

p

p

p

p

p

p

𝑟")'"↓ 𝑟")'"↑
Not Desirable Desirable

⚫ : Prototypes
⚪ : Candidates (∈ 𝑄)
🔴 : 𝑧$
🔵 : k-nearest neighbor for 𝑧$

p𝑘 = 2

Latent State Space Latent State Space
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Knowledge-based Data-based Competence-based

모델의 예측과 실제의 차이가 큰 곳을
집중 공략하여

탐색의 효율을 높이는 방법

Agent가 환경에 대한 데이터를
수집할 때 엔트로피를 최대화하여
더 다양한 데이터를 수집하는 방법

Agent의 기술Skill과 상태/행동의
상호 정보Mutual Information을 최대화할

수 있도록 하는 방법

ICM

Disagreement

RND

APT

ProtoRL

SMM

DIAYN

APS

CIC

MOSS
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𝜋 𝑎 𝑠𝑠!
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𝜋 𝑎 𝑠𝑠!

𝑎#

𝑎%

𝑎&

𝑎'

𝑃 𝑎" = 𝑎$ 𝑠" = 0.75

𝑃 𝑎" = 𝑎$ 𝑠" = 0.1

𝑃 𝑎" = 𝑎$ 𝑠" = 0.05

𝑃 𝑎" = 𝑎$ 𝑠" = 0.1
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𝜋 𝑎 𝑠𝑠!

𝑎#

𝑎%

𝑎&

𝑎'

𝑃 𝑎" = 𝑎$ 𝑠" = 0.75

𝑃 𝑎" = 𝑎$ 𝑠" = 0.1

𝑃 𝑎" = 𝑎$ 𝑠" = 0.05

𝑃 𝑎" = 𝑎$ 𝑠" = 0.1



57

𝑎! ~ 𝜋 0 |𝑠!
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𝑎! ~ 𝜋 0 |𝑠! , 𝑧
𝑧 ∈ 𝒵

skill latent vector

skill-conditioned policy

skill space
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Eysenbach, B., Gupta, A., Ibarz, J., & Levine, S. (2018). Diversity is all you need: Learning skills without a reward function. arXiv preprint arXiv:1802.06070.

without skills with skills
𝑎$ ~ 𝜋 % |𝑠$ 𝑎$ ~ 𝜋 % |𝑠$, 𝑧

𝜏%
𝑧 = 1

𝜏&
𝑧 = 2

𝜏'
𝑧 = 3
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Eysenbach, B., Gupta, A., Ibarz, J., & Levine, S. (2018). Diversity is all you need: Learning skills without a reward function. arXiv preprint arXiv:1802.06070.

Desirable

𝜏%
𝑧 = 1

𝜏&
𝑧 = 2

𝜏'
𝑧 = 3

Not Desirable

𝜏%
𝑧 = 1

𝜏&
𝑧 = 2

𝜏'
𝑧 = 3
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𝑋 𝑌

강수 여부(𝑋)와 자전거를 탈지 말지 결정하는 일(𝑌)은 상호 정보가 높다

https://jrc-park.tistory.com/311
https://en.wikipedia.org/wiki/Mutual_information
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Downstream
Task #1
Walk

Self-supervised Task

1. Pre-training
• for Domain
• with Self-supervised Task
• Intrinsic Reward
• Goal : Generalization

2. Fine-tuning
• for and with Downstream Tasks
• Extrinsic Reward
• Goal : Task Performance ↑

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

1. When : 
Pre-training

2. What : 
Downstream Task에서 활용할 
다양한 skill 습득

3. How : 
Agent가 방문하는 상태와 
습득하는 skill 사이의 
Mutual Information 최대화

Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)
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𝐼 𝜏; 𝑧 = 𝐻 𝜏 − 𝐻 𝜏 𝑧 ≥ 𝐻 𝜏 + 𝔼$,& log 𝑞(𝜏|𝑧)
Maximize Lower Bound à Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.
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𝐼 𝜏; 𝑧 = 𝐻 𝜏 − 𝐻 𝜏 𝑧 ≥ 𝐻 𝜏 + 𝔼$,& log 𝑞(𝜏|𝑧)
①②

Maximize Maximize Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.
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𝐼 𝜏; 𝑧 = 𝐻 𝜏 − 𝐻 𝜏 𝑧 ≥ 𝐻 𝜏 + 𝔼$,& log 𝑞(𝜏|𝑧)
①②

Maximize Maximize Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.

방문하는 상태의 변화 𝜏와 Skill Vector 𝑧가
서로 잘 매칭될 수 있도록 Encoder를 학습하고

1단계에서 학습한 Encoder를 활용해 Embedding을 구해서
Intrinsic Reward 계산에 활용하자

𝜏 = 𝑠! , 𝑠!"# 𝑔(!

ℎ

𝑟$)!

𝜏 = 𝑠! , 𝑠!"#

𝑧

𝑔(!

𝑔("

key

Noise 
Contrastive 
Loss

query

CIC Agent

① ②
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𝐹*+* 𝜏 = log
exp

𝑔,! 𝜏)
⊺𝑔," 𝑧)

𝑔,!(𝜏)) 𝑔,"(𝑧)) 𝑇

1
𝑁∑./$

0 exp
𝑔,! 𝜏.

⊺𝑔," 𝑧)
𝑔,!(𝜏.) 𝑔,"(𝑧)) 𝑇

Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.
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𝐹#$# 𝜏 = log
exp

𝑔%" 𝜏&
⊺𝑔%# 𝑧&

𝑔%"(𝜏&) 𝑔%#(𝑧&) 𝑇

1
𝑁∑()*

+ exp
𝑔%" 𝜏(

⊺𝑔%# 𝑧&
𝑔%"(𝜏() 𝑔%#(𝑧&) 𝑇 𝜏%

𝜏&

𝜏'

𝜏(

𝑧%

𝑧&

𝑧'

𝑧(

skills state transitions from skills

Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.
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𝐹#$# 𝜏 = log
exp

𝑔%" 𝜏&
⊺𝑔%# 𝑧&

𝑔%"(𝜏&) 𝑔%#(𝑧&) 𝑇

1
𝑁∑()*

+ exp
𝑔%" 𝜏(

⊺𝑔%# 𝑧&
𝑔%"(𝜏() 𝑔%#(𝑧&) 𝑇 𝜏%

𝜏&

𝜏'

𝜏(

𝑧%

𝑧&

𝑧'

𝑧(

skills state transitions from skills

특정 skill vector에 대해서,
모든 state transition들과의 Similarity 계산

𝑠𝑖𝑚*

𝑠𝑖𝑚,

𝑠𝑖𝑚-

𝑠𝑖𝑚.

Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.
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특정 skill vector에 대해서,
모든 state transition들과의 Similarity 계산𝐹#$# 𝜏 = log

exp
𝑔%" 𝜏&

⊺𝑔%# 𝑧&
𝑔%"(𝜏&) 𝑔%#(𝑧&) 𝑇

1
𝑁∑()*

+ exp
𝑔%" 𝜏(

⊺𝑔%# 𝑧&
𝑔%"(𝜏() 𝑔%#(𝑧&) 𝑇 𝜏%

𝜏&

𝜏'

𝜏(

𝑧%

𝑧&

𝑧'

𝑧(

skills state transitions from skills

이 Similarity는 
다른 Similarity들보다 높아야 한다!
(skill과 state transition이 원래의 짝으로 매칭되는 경우)

(=Positive Pair)

𝑠𝑖𝑚*

𝑠𝑖𝑚,

𝑠𝑖𝑚-

𝑠𝑖𝑚.

Maximize

ⓟ

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.
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𝐹#$# 𝜏 = log
exp

𝑔%" 𝜏&
⊺𝑔%# 𝑧&

𝑔%"(𝜏&) 𝑔%#(𝑧&) 𝑇

1
𝑁∑()*

+ exp
𝑔%" 𝜏(

⊺𝑔%# 𝑧&
𝑔%"(𝜏() 𝑔%#(𝑧&) 𝑇 𝜏%

𝜏&

𝜏'

𝜏(

𝑧%

𝑧&

𝑧'

𝑧(

skills state transitions from skills

특정 skill vector에 대해서,
모든 state transition들과의 Similarity 계산

모든 Similarity의 평균
(1 Positive Pair, 𝑵− 𝟏 Negative Pairs)

𝑠𝑖𝑚*

𝑠𝑖𝑚,

𝑠𝑖𝑚-

𝑠𝑖𝑚.

Maximize
ⓝ

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.
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sim_1 sim_2 sim_3 sim_4

Desirable𝐹#$# 𝜏 = log
exp

𝑔%" 𝜏&
⊺𝑔%# 𝑧&

𝑔%"(𝜏&) 𝑔%#(𝑧&) 𝑇

1
𝑁∑()*

+ exp
𝑔%" 𝜏(

⊺𝑔%# 𝑧&
𝑔%"(𝜏() 𝑔%#(𝑧&) 𝑇

Maximize
ⓝ

ⓟ

sim_1 sim_2 sim_3 sim_4

Not Desirable

Positive Pair의 Similarity(ⓟ)는
전체 Similarity의 평균(ⓝ)보다 커야 한다

à Maximize logⓟⓝ

ⓟ
ⓟⓝ

ⓝ

ⓟ ≈ ⓝ

logⓟⓝ → 0

ⓟ ≫ ⓝ

log
ⓟ
ⓝ
↑

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.

! = #! , #!"#

%

&$!

&$"

key

Noise 
Contrastive 
Loss

query
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𝐻123")456 𝜏 ∝
1
𝑁7

I
8:
∗∈0<

0<

log ℎ) − ℎ)∗Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.



73

𝐻/012&345 𝜏 ∝
1
𝑁6

?
7$
∗∈+&

+&

log ℎ& − ℎ&∗Maximize

Laskin, M., Liu, H., Peng, X. B., Yarats, D., Rajeswaran, A., & Abbeel, P. (2022). Unsupervised reinforcement learning with contrastive intrinsic control. Advances in Neural Information Processing Systems, 35, 34478-34491.

ℎ'∗
ℎ'∗ℎ' ℎ'∗ ℎ'∗

ℎ'

Desirable
𝑯 𝝉 ↑

Not Desirable
𝑯 𝝉 ↓

⬛ : 기존에 방문했던 상태의 embedding
🟥 : 현재 상태의 embedding (ℎ&)
🟦 : 기존에 방문했던 상태의 embedding 중 ℎ&의 k-nearest neighbor (ℎ&∗)

𝒌 = 𝟐

! = #! , #!"# %$!

ℎ

'%&! = ( !

𝑟)'"
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Exploration
탐색

Exploitation
향상
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𝑀 ∈ 0, 1

𝑴 = 𝟎

Exploration (탐색)

Intrinsic Reward : 𝑟;2<)'"

(State Entropy 𝐻 𝜏 를 최대화)

Skills : 𝑍;2< ~ 𝑃(𝑍|𝑀 = 0)

𝑴 = 𝟏

Exploitation (향상)

Intrinsic Reward : 𝑟;)')'" = −𝑟;2<)'"

(State Entropy 𝐻 𝜏 를 최소화)

Skills : 𝑍;)' ~ 𝑃(𝑍|𝑀 = 1)

Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.
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Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.

Exploration만을활용한Pre-training

1M steps

Fine-tuning

100K steps
Exploration

탐색
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Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.

Exploration만을활용한Pre-training

1M steps

Episode 1 Episode 2 … Episode 𝒏
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Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.

Episode 2

ExplorationExploration
탐색

Episode 2
(Exploration)
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Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.

Exploration만을 활용한 Pre-training

1M steps

Episode 1
(Exploration)

Episode 2
(Exploration) …

Episode 𝒏
(Exploration)
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Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.

Pre-training of MOSS

1M steps

Episode 1 Episode 2 … Episode 𝒏
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Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.

Episode 2

Exploration
𝑴= 𝟎

Exploration
탐색

E2_1
(Exploration)

Exploitation
𝑴= 𝟏

Exploitation
향상

E2_2
(Exploitation)
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Zhao, A., Lin, M., Li, Y., Liu, Y. J., & Huang, G. (2022). A mixture of surprises for unsupervised reinforcement learning. Advances in Neural Information Processing Systems, 35, 26078-26090.

Pre-training of MOSS

1M steps

Episode 1 Episode 2 … Episode 𝒏
E1_1

(Exploration)

𝑴 = 𝟎

E1_2
(Exploitation)

𝑴 = 𝟏

E2_1
(Exploration)

𝑴 = 𝟎

E2_2
(Exploitation)

𝑴 = 𝟏

E𝒏_1
(Exploration)

𝑴 = 𝟎

E𝒏_2
(Exploitation)

𝑴 = 𝟏





84

Domain : Cheetah

…

WalkStand FlipRun

◦ : 학습시작

Domain : Walker

Pre-train

Fine-tune

Domain : Quadruped

Domain : Walker

WalkStand FlipRun

◦ : 학습시작

Unsupervised Reinforcement Learning

Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)
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Downstream
Task #1
Walk

Self-supervised Task

1. Pre-training
• for Domain
• with Self-supervised Task
• Intrinsic Reward
• Goal : Generalization

2. Fine-tuning
• for and with Downstream Tasks
• Extrinsic Reward
• Goal : Task Performance ↑

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)
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Downstream
Task #1
Walk

Self-supervised Task

1. Reward-free Pre-training
• Self-supervised Task
• Intrinsic Reward

2. Fine-tuning
• Downstream Tasks
• Extrinsic Reward

Downstream
Task #2
Stand

Downstream
Task #3
Flip

Downstream
Task #n
Run

…

Knowledge-based

Data-based

Competence-based

Reinforcement Leaning (image by Flat-Icons on IconScout under license to Chris Mahoney)
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