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• Reinforcement Learning

⚬ 강화학습은행동의주체인에이전트가주어진환경에서시행착오를겪으며학습하는방법.

⚬ 강화학습의요소는 agent, state, action, reward

Agent

Environment

action

state, reward

Reward

Introduction
Reinforcement Learning
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• Reinforcement Learning

⚬ 강화학습의주요소는 agent, state, action, reward

⚬ 특정상태에서행동을취하는결정은정책(policy)을따름

⚬ 햄스터가반복경험을통해이득이되는행동을취하고, 정책을수립해감

Agent

Environment

Reward

Introduction
Reinforcement Learning
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• Reinforcement Learning

⚬ 학습목표 : 보상의최대화

⚬ 보상의최대화 = 최적의행동경로를구하기

Agent

Environment

Reward

Optimal Policy

Background
Reinforcement Learning

𝝅∗(𝐀|𝐒)
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• Reinforcement Learning

⚬ 환경의불확실성으로정확한누적보상을계산하는데한계점이존재

⚬ 즉각적보상의한계 : 단기적보상에집중하면장기적누적보상을극대화하지못할가능성존재

⚬ Value function : 미래에기대되는보상들을근사하여, 에이전트에게감사된보상예측치를제공

⚬ Value function 으로상태나행동에따른누적기대보상(가치)을계산하여평가가능 → 정책개선에용이

Agent

Environment

Reward

Background
Reinforcement Learning
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• Reinforcement Learning
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Agent

Environment

Background
Reinforcement Learning

𝑺𝒕𝒂𝒕𝒆 𝒗𝒂𝒍𝒖𝒆 𝒇𝒖𝒏𝒄𝒕𝒊𝒐𝒏 ∶ 𝑽𝝅 𝒔 = 𝑬𝝅 𝑮𝒕 𝑺𝒕 = 𝒔

𝑹𝒆𝒕𝒖𝒓𝒏 ∶ 𝑮𝒕 = 𝑹𝒕+𝟏 + 𝜸𝑹𝒕+𝟐 + 𝜸𝟐𝑹𝒕+𝟑 +⋯ = ෍

𝒌=𝟎

∞

𝜸𝒌𝑹𝒕+𝒌+𝟏

𝑨𝒄𝒕𝒊𝒐𝒏 𝒗𝒂𝒍𝒖𝒆 𝒇𝒖𝒏𝒄𝒕𝒊𝒐𝒏:𝑸𝝅 𝒔, 𝒂 = 𝑬𝝅 𝑮𝒕 𝑺𝒕 = 𝒔,𝑨𝒕 = 𝒂

Bellman equation )

(1) 𝑽𝝅 𝒔 = σ𝒂𝝅 𝒂 𝒔 σ𝒔′,𝒓𝒑 𝒔′, 𝒓 𝒔, 𝒂 𝒓 + 𝜸𝑽𝝅 𝒔′

(2) 𝑸𝝅 𝒔, 𝒂 = σ𝒔′,𝒓𝒑 𝒔′, 𝒓 𝒔, 𝒂 𝒓 + 𝜸σ𝒂′𝝅 𝒂′ 𝒔′ 𝑸𝝅 𝒔′, 𝒂′
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• Reinforcement Learning
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Agent

Environment

Background
Reinforcement Learning
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V(   ),Q(   ) is better 
than V(  ), Q(  )

Reward

Bellman equation )

(1) 𝑽𝝅 𝒔 = σ𝒂𝝅 𝒂 𝒔 σ𝒔′,𝒓𝒑 𝒔′, 𝒓 𝒔, 𝒂 𝒓 + 𝜸𝑽𝝅 𝒔′
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• Model-Free RL

⚬ 대부분의강화학습에이전트는환경의정보를모름 → Unknown MDP

⚬ 에이전트는알수없는환경에서무작위행동을취하며초기경험을수집

Introduction

Agent

Environment???

Reward

Unknown MDP

Environment : ???

Reinforcement Learning
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• Model-Free RL

⚬ 대부분의강화학습에이전트는환경의정보를모름 -> Unknown MDP

⚬ 에이전트는알수없는환경에서무작위행동을취하며초기경험을수집

⚬ 직접환경에서여러행동을취하며경험을누적

Introduction

Agent

Environment

Reward

Reinforcement Learning
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• Model-Free RL

⚬ 수많은시도로환경과행동간의관계를학습하며, 행동에따른기대보상을정확히근사해감

⚬ 누적된경험으로최적의정책을달성 → 보상을최대화하며목표달성

⚬ Model-Free RL 방법론

Introduction

Agent

Environment

Reward

Optimal Policy

𝝅∗(𝐀|𝐒)

After 10,000 iteration..

Reinforcement Learning
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• Model-Free RL

⚬ 하지만환경이매우복잡하다면, 학습의난이도상승

⚬ 목표를달성하거나보상을최대화하려면, 수없이많은환경과의상호작용을필요

⚬ 학습시간, 비용이많이들며경험데이터를수많이누적해야한다는단점존재(데이터효율성저하)

Introduction

Agent

Environment

Reinforcement Learning

…?
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• Model-Free RL

⚬ 하지만환경이매우복잡하다면, 학습의난이도상승

⚬ 목표를달성하거나보상을최대화하려면, 수없이많은환경과의상호작용을필요

⚬ 학습시간, 비용이많이들며경험데이터를수많이누적해야한다는단점존재(데이터효율성저하)

Introduction

Agent

Environment

Reinforcement Learning

…?
Model-Free 강화학습은환경과의실제상호작용(경험)을
통해직접학습하므로, 복잡하거나비용이많이드는

샘플효율성부족 (Sample Inefficiency) 문제존재
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Introduction

• Model-Based Reinforcement Learning(MBRL)

⚬ MBRL은환경의동역학(dynamics)을학습하여 Model을기반으로행동을결정하는접근방법

⚬ “Model”이란실제환경에서의동역학을유사하게모델링한가상환경

⚬ 에이전트는실제환경에서학습하는대신, Model을통해다양한시뮬레이션이가능 -> 환경과 Model-Free 방법론보다샘플효율성강건

⚬ 어렵거나많은경험데이터가요구되는상황에서효율적이고빠르게학습

Model-Based Reinforcement Learning(MBRL)

State : 𝒔

Action : 𝒂

Reward : 𝒓

New state : 𝒔`

Model EnvironmentAgent

Model-Based RL
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Methods

• World Models(2018)

⚬ Model-Based RL 내핵심방법론으로사용되는모델

⚬ 사람의인지작용을묘사한 “World Model” 방법론제시

⚬ 실제환경의동역학정보(dynamics)를학습하여가상의환경을모델링 (model)

World Models

VAE(V-model)

Controller

MDN-RNN
(M-model)

st

zt

zt

ht

at

st+1
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Methods

• Motivation

⚬ 인간은과거의축적된추상적인경험을기반으로판단을내리는 “인지적추론” 과정을보유

⚬ 뇌는시각적정보를압축및추상화하여 (무)의식적으로행동을명령

⚬ Ex) 타자가무의식적으로공의궤적을예측해배팅을취하는과정

World Models

“우리가머리속에지니고있는주변세계의이미지는단지모델에불과하다. 

인간은오직선택된개념들과주변환경과의추상적인관계만을가지고있으며, 이를통해실제시스템을표현한다.”

(Forrester, 1971)
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Methods

• World Models (V, M, C model)

⚬ 시각적데이터를처리하는기관 : V(vision) model

⚬ 과거를기억하거나다음상태를예측하는기관 : M(memory) model

⚬ 위환경의정보로행동을취하는기관 : C(controller) model

World Models

. . .

VAE(V-model)

Controller

MDN-RNN
(M-model)

st

zt

zt

ht

at

st+1
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Methods

• V(VAE, vision) Model

⚬ 인간의시각적정보처리에해당

⚬ Time step마다환경의관측데이터가제공될때, V 모델은입력된고차원정보를압축된정보로재구성

⚬ ConVAE의인코더로입력데이터의중요한특징을학습및압축

⚬ 정보손실을최소화하여저차원의샘플데이터를확보하고(𝒛), 원본데이터특징을잘유지하는것이학습목표

World Models

Original observed frame Reconstructed frame
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Methods

• M(MDN-RNN, memory)  model

⚬ 실세계와환경의정보는시간에따라연속적으로관측되므로, 다음상태의확률분포를예측하는 MDN-RNN을사용

⚬ Action, observation, hidden state를바탕으로다음시점의잠재벡터확률분포를예측

⚬ 확률분포를예측함으로써, 환경의불확실성과미래에대한여러예측을수행가능

World Models

LSTM LSTM LSTM

MDN

Zt−1 Zt Zt+1

ht−1 ht ht+1 ht+2

Zt Zt+1 Zt+2

V model
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Methods

• MDN-RNN

⚬ MDN layer는 RNN의출력인 h를받아여러병렬적인선형레이어로평균, 표준편차, 혼합계수파라미터를예측

⚬ 실세계와환경의정보는시간에따라연속적으로관측되므로, 다음상태의확률분포를예측하는 MDN-RNN을사용

⚬ V 모델로잘압축된데이터 (𝒛)를활용하여불확실한미래상황에대비가능→ “Dream”과연결

World Models

…
.

…
.

…
.

…
.

𝜋k

𝜇k

𝜎k𝒉𝒕+𝟏, 𝒄𝒕+𝟏 = 𝑳𝑺𝑻𝑴(𝒂𝒕, 𝒛𝒕, 𝒉𝒕, 𝒄𝒕)

𝑷(𝒛𝒕+𝟏|𝒂𝒕, 𝒛𝒕, 𝒉𝒕) = ෍

𝒌=𝟏

𝑲

𝝅𝒌(𝒉𝒕)𝑵(𝝁𝒌|𝒉𝒕, 𝒅𝒊𝒂𝒈(𝝈𝒌(𝒉𝒕)
𝟐))

𝝅𝒌(𝒉𝒕+𝟏), 𝝁𝒌(𝒉𝒕+𝟏), 𝝈𝒌(𝒉𝒕+𝟏) = 𝑴𝑫𝑵(𝒉𝒕+𝟏)

LSTM

ht+1, ct+1
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Methods

• MDN-RNN

⚬ 실세계와환경의정보는시간에따라연속적으로관측되므로, 다음상태의확률분포를예측하는 MDN-RNN을사용

⚬ V 모델로잘압축된데이터 (𝒛)를활용하여불확실한미래상황에대비가능

⚬ Sketch-RNN 실험에서MDN-RNN 시퀀스생성능력확인 : 입력에대해다양한결과생성

⚬ MDN-RNN은다음시점의잠재벡터를예측하여환경의미래상태시퀀스를모델링→ 불확실한환경의특성을고려하여여러상황대비

World Models

…
.

…
.

…
.

…
. Sketch-RNN

𝜋k

𝜇k

𝜎k

LSTM

ht+1, ct+1
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Methods

• C(controller)  model

⚬ 인지적추론을바탕으로결정된행동을취하는부분

⚬ 모델링된환경의정보를바탕으로, 에이전트가실제환경에서행동을취하고다음환경정보를얻는모델

⚬ C 모델은 linear layer로구성된 fully connected network이며 V, M 모델에비해간단한네트워크형성

World Models

𝒂𝒕 = 𝑾𝒄[𝒛𝒕 𝒉𝒕] + 𝒃𝑪

…

[zt,0 ℎt,0]

at

w0

w1

w2

wt

C C C

𝒂𝒕−1 𝒂𝒕 𝒂𝒕+1

𝒛𝒕

𝒉𝒕

[zt,1 ℎt,1]

[zt,2 ℎt,2]

[zt,k ℎt,m]
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Methods

• World Models (V, M, C model)

⚬ 시각적데이터를처리하는기관 : V(vision) model

⚬ 과거를기억하거나다음상태를예측하는기관 : M(memory) model

⚬ 위환경의정보로행동을취하는기관 : C(controller) model

World Models

VAE(V-model)

Controller

MDN-RNN
(M-model)

st

zt

zt

ht

at

st+1

(zt+1)



25

(a) CarRacing-v0 (b) VizDoom : Take Cover

• Experiments

⚬ CarRacing : 매시도마다새로운트랙이생성되고속도, 가속등의연속적인행동을취하는환경

⚬ VizDoom : 연속적인 3D 환경에서가능한오래살아남는것이목표인환경

Experiments
World Models



26

• Experiments

⚬ 기존 Model-Free 방법론과 World Model 간성능비교분석진행

⚬ V model only는 World Model의 Vision model만사용한결과

⚬ Full World Model을사용했을때, 가장높은점수획득

⚬ 인지적추론을담당하는 M model의영향력을확인

⚬ World Model 접근방식이고차원픽셀입력에서환경의동역학표현을학습해강화학습문제해결

Method AVG. Score

DQN 343 ± 18

A3C(continuous) 591 ± 45

A3C(discrete) 652 ± 10

CEOBILLIONAIRE 838 ± 11

V Model only 632 ± 251

V Model(with hidden layer) 788 ± 141

Full World Model 906 ± 21

(a) V model only (b) Full World Model

Experiments
World Models



27

• Training inside of the Dream

⚬ Dream : World Model의 M model은다음상태를예측할수있고, 예측한상태를다음상태로삼아가상의시나리오를생성하는과정

⚬ 실제상태가아닌예측상태를다음상태로설정하여가상의환경에서에이전트가정책을실행

⚬ 실제행동을적용하기전, 가상의환경에서시뮬레이션을통해학습가능

Experiments

Racing inside of World Model`s Dream VizDoom inside of World Model`s Dream

World Models
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• Learning Inside of a Dream

⚬ 에이전트가 World Model이생성한가상의 Dream 환경에내에서학습한후, 학습된정책이실제환경에서효과적인지실험

⚬ 에이전트는가상(Dream) 환경에서약 900 time step 점수를달성

⚬ M model은에이전트와행동과환경의동역학(파이어볼, 적, 벽등)을최대한실제와비슷하게학습가능

Experiments

RightLeft

stop

World Models
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Experiments

RightLeft

stop

• Experiments inside of the Dreams

⚬ 가상환경내부에서훈련된에이전트를가져와서원래 VizDoom 시나리오에서성능을테스트

⚬ 가상환경에서훈련된정책으로실제환경에적용했을때, 100회연속실험에서약 1,100 time step ( >750) 생존시간기록

World Models
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• Experiments inside of the Dreams

⚬ 하지만학습된 World Model은실제환경이아니므로, 복잡도와표현이떨어질수있음

⚬ 또한 model이불덩이를생성하지않거나도중에사라지도록환경을모델링하는경우존재 -> 잘못된정책학습수행

⚬ 난이도를조절하거나, 다양한상황을학습할수있도록하는방법필요

VizDoom with adversarial policy in Dream
RightLeft

stop
Stop is best!

Experiments
World Models

RightLeft

stop
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• Experiments inside of the Dreams

⚬ 하지만학습된 World Model은실제환경이아니므로, 복잡도와표현이떨어질수있음

⚬ MDN-RNN의출력확률분포에서샘플링할때, '불확실성' 또는 '무작위성'의정도를조절하기위해 Temperature parameter τ를사용

⚬ τ 를높임으로써가상환경을더예측불가능하고상황으로유도 → 더어렵고다양한환경에서훈련한에이전트는실제환경에서더강인할것

Experiments
World Models

VizDoom with adversarial policy in Dream

𝝉 𝝉 𝝉
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• Experiments inside of the Dreams

⚬ MDN-RNN의출력확률분포에서샘플링할때, '불확실성' 또는 '무작위성'의정도를조절하기위해 Temperature parameter τ를사용

⚬ τ를높임으로써가상환경을더예측불가능하고상황으로유도 -> 더어렵고다양한환경에서훈련한에이전트는실제환경에서더강인할것

⚬ 여러 τ를적용하고가상환경에서정책학습후, 실제환경에서정책수행결과

⚬ 실제환경의점수는 temperature parameter가높을경우향상

Temperature Virtual Score Actual Score

0.10 2086 ± 140 193 ± 58

0.50 2060 ± 277 196 ± 50

1.00 1145 ± 690 868 ± 511

1.15 918 ± 546 1092 ± 556

1.30 732 ± 269 753 ± 139

Random Policy N/A 210 ± 108

Gym Leader N/A 820 ± 58
Dream with τ(0.5) Dream with τ(3.0)

Experiments
World Models
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• Experiments inside of the Dreams

⚬ MDN-RNN의출력확률분포에서샘플링할때, '불확실성' 또는 '무작위성'의정도를조절하기위해 Temperature parameter τ를사용

⚬ τ를높임으로써가상환경을더예측불가능하고상황으로유도 -> 더어렵고다양한환경에서훈련한에이전트는실제환경에서더강인할것

⚬ 여러 τ를적용하고가상환경에서정책학습후, 실제환경에서정책수행결과

⚬ 실제환경의점수는 temperature parameter가높을경우향상

Temperature Virtual Score Actual Score

0.10 2086 ± 140 193 ± 58

0.50 2060 ± 277 196 ± 50

1.00 1145 ± 690 868 ± 511

1.15 918 ± 546 1092 ± 556

1.30 732 ± 269 753 ± 139

Random Policy N/A 210 ± 108

Gym Leader N/A 820 ± 58
Dream with τ(0.5) Dream with τ(3.0)

Limitation of World Models (2018)

1) Derivative-Free 기반업데이트를수행하므로정책의그라디언트사용불가, 

최적의정책매개변수를위한업데이트방향부재

2) 복잡한환경에서연속적이고정교한행동에대한정책을기대하기어렵고, 

무작위적행동탐색에의존 (효율성저하)

3) 더먼미래를예측하지못하고짧은 Dream만가능

Experiments
World Models
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Methods

• Dream to Control : Learning Behaviors by Latent Imagination

⚬ 학습된월드모델의잠재공간에서그라디언트를활용하여장기적인행동을학습하는강력한강화학습에이전트 “Dreamer” 제시

⚬ 잠재공간상미래에대한더먼미래를예측및학습 (Predicting multiple future steps )

⚬ 환경의동역학학습 → Imagination을통한정책학습 → 실제환경에서정책수행및경험수집

Dreamer

(a) Learn dynamics from experience (b) Learn behavior in imagination (c) Act in the environment
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Methods

• Dynamics Learning (Learning World Model)

⚬ 에이전트가환경에서수집한초기경험데이터로환경의동역학을학습

⚬ 에이전트가가상환경시뮬레이터(World Model)로정확한정책을학습하도록유도

⚬ Representation, Transition, Reward, Observation model 학습

o1 o2 o3ොo1 ොo2 ොo3

ොr1 ොr2 ොr3a1 a2P

Representation model
𝒑(𝒔𝒕, |𝒔𝒕−𝟏, 𝒂𝒕−𝟏, 𝒐𝒕)

Transition model
𝒒(𝒔𝒕, |𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

Reward model
q(r𝒕, |𝒔𝒕)

s1 s2 s3

Dreamer
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Methods

• Recurrent State Space Model(RSSM)

⚬ Dreamer가사용하는 World Model은 RSSM이란구조로학습

⚬ RSSM은고차원관측을처리하며시간적으로변화하는시스템의잠재상태를추론및예측

⚬ 위잠재상태를통해미리미래를예측하여에이전트의가상경험을가능케하는확률적모델

⚬ World Model 중 V, M model의연장선이며시각정보를압축및기억하고미래를상상하는 ‘뇌＇의역할

o1 o2 o3ොo1 ොo2 ොo3

ොr1 ොr2 ොr3a1 a2P

𝒉𝟏

s𝟏

o𝟏, r1
reconstruction

Dreamer

Deterministic model : 𝒉𝒕 = 𝒇(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

Stochastic model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕)

Observation model : 𝒐𝒕 ~ 𝒑(𝒐𝒕|𝒉𝒕, 𝒔𝒕)

Reward model : 𝒓𝒕 ~ 𝒑(𝒓𝒕|𝒉𝒕, 𝒔𝒕)

Inference model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕, 𝒐𝒕)
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Methods

o1 o2 o3ොo1 ොo2 ොo3

ොr1 ොr2 ොr3a1 a2P

𝒉𝟏 𝒉2

a𝟏

s𝟏
s2

o𝟏, r1 o2, r2

• Recurrent State Space Model(RSSM)

⚬ Dreamer가사용하는 World Model은 RSSM이란구조로학습

⚬ RSSM은고차원관측을처리하며시간적으로변화하는시스템의잠재상태를추론및예측

⚬ 위잠재상태를통해미리미래를예측하여에이전트의가상경험을가능케하는확률적모델

⚬ World Model 중 V, M model의연장선이며시각정보를압축및기억하고미래를상상하는 ‘뇌＇의역할

Dreamer

Deterministic model : 𝒉𝒕 = 𝒇(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

Stochastic model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕)

Observation model : 𝒐𝒕 ~ 𝒑(𝒐𝒕|𝒉𝒕, 𝒔𝒕)

Reward model : 𝒓𝒕 ~ 𝒑(𝒓𝒕|𝒉𝒕, 𝒔𝒕)

Inference model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕, 𝒐𝒕)
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Methods

o1 o2 o3ොo1 ොo2 ොo3

ොr1 ොr2 ොr3a1 a2P

𝒉𝟏 𝒉2 𝒉3

a𝟏 a2

s𝟏
s2 s3

o𝟏, r1 o2, r2 o3, r3

• Recurrent State Space Model(RSSM)

⚬ Dreamer가사용하는 World Model은 RSSM이란구조로학습

⚬ RSSM은고차원관측을처리하며시간적으로변화하는시스템의잠재상태를추론및예측

⚬ 위잠재상태를통해미리미래를예측하여에이전트의가상경험을가능케하는확률적모델

⚬ World Model 중 V, M model의연장선이며시각정보를압축및기억하고미래를상상하는 ‘뇌＇의역할

Dreamer

Deterministic model : 𝒉𝒕 = 𝒇(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

Stochastic model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕)

Observation model : 𝒐𝒕 ~ 𝒑(𝒐𝒕|𝒉𝒕, 𝒔𝒕)

Reward model : 𝒓𝒕 ~ 𝒑(𝒓𝒕|𝒉𝒕, 𝒔𝒕)

Inference model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕, 𝒐𝒕)
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• Dreamer with RSSM

⚬ Dreamer가사용하는 World Model은 RSSM이란구조로학습

⚬ 결정론적/확률적변수를동시에다루는이유

⚬ 결정론적상태 𝒉의역할 : 장기적인기억이나추세를파악

⚬ 확률론적상태 𝒔의역할 : 연속적인환경을처리하며환경의내제된불확실성을모델링

⚬ 예측가능한정보(𝒉)와불확실한정보(𝒔) 동시에사용함으로써에이전트는여러미래를경험가능

𝒉1 𝒉2 𝒉3

a𝟏 a2

s𝟏
s2 s3

o𝟏, r1 o2, r2 o3, r3

Dreamer

𝒉𝒕 = 𝒇(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕)

𝒐𝒕 ~ 𝒑(𝒐𝒕|𝒉𝒕, 𝒔𝒕)

𝒓𝒕 ~ 𝒑(𝒓𝒕|𝒉𝒕, 𝒔𝒕)

𝒔𝒕 ~ 𝒒(s𝒕|𝒉𝒕, o𝒕)

Deterministic model : 𝒉𝒕 = 𝒇(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

Stochastic model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕)

Observation model : 𝒐𝒕 ~ 𝒑(𝒐𝒕|𝒉𝒕, 𝒔𝒕)

Reward model : 𝒓𝒕 ~ 𝒑(𝒓𝒕|𝒉𝒕, 𝒔𝒕)

Inference model : 𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕, 𝒐𝒕)
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𝒉1 𝒉2 𝒉3

a𝟏 a2

s𝟏
s2 s3

o𝟏, r1 o2, r2 o3, r3

𝒉𝒕 = 𝒇(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

𝒔𝒕 ~ 𝒑(𝒔𝒕|𝒉𝒕)

𝒐𝒕 ~ 𝒑(𝒐𝒕|𝒉𝒕, 𝒔𝒕)

𝒓𝒕 ~ 𝒑(𝒓𝒕|𝒉𝒕, 𝒔𝒕)

𝒔𝒕 ~ 𝒒(s𝒕|𝒉𝒕, o𝒕)
Dreamer
notation

𝒉𝒕 = 𝑮𝑹𝑼(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

𝒔𝒕~𝒒𝜽 𝒔𝒕 s𝒕−1,at−1

𝒐𝒕~𝒒𝜽 𝒐𝒕 𝒔𝒕

𝒓𝒕~𝒒𝜽 𝒓𝒕 𝒔𝒕

𝒔𝒕~𝒑𝜽 𝒔𝒕 𝒔𝒕−𝟏, 𝒂𝒕−𝟏, 𝒐𝒕

Deterministic model : 

Transition model : 

Representation model : 

Observation model : 

Reward model : 

Dreamer

• Dreamer with RSSM

⚬ Dreamer가사용하는 World Model은 RSSM이란구조로학습

⚬ 결정론적/확률적변수를동시에다루는이유

⚬ 결정론적상태 𝒉의역할 : 장기적인기억이나추세를파악

⚬ 확률론적상태 𝒔의역할 : 연속적인환경을처리하며환경의내제된불확실성을모델링

⚬ 예측가능한정보(𝒉)와불확실한정보(𝒔) 동시에사용함으로써에이전트는여러미래를경험가능
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• Dreamer with RSSM

⚬ Dreamer의 dynamics learning은 Reconstruction Objective function 𝓙ℛℰ𝒞을기반으로업데이트

⚬ 목적함수를최대화하는목표를설정 -> 𝓙𝓞
𝓽 , 𝓙𝓡

𝓽 , 𝓙𝓓
𝓽 각 term log- likelihood 를최대화

⚬ KL-Divergence로 이루어진 𝓙𝓓
𝓽는 representation model과 transition model 간분포를가깝게만들목적 -> prior/posterior 분포가일관성을갖도록

(1) 𝓙ℛℰ𝒞 ≐ 𝑬𝒑 σ𝒕 𝓙𝓞
𝓽 + 𝓙𝓡

𝓽 + 𝓙𝓓
𝓽 + const

(2)   𝓙𝓞
𝓽 ≐ 𝐥𝐧𝒒 𝒐𝒕 𝒔𝒕 (3)   𝓙𝓡

𝓽 ≐ 𝐥𝐧𝒒 𝒓𝒕 𝒔𝒕

(4)  𝓙𝓓
𝓽 ≐ −𝜷 KL 𝒑 𝒔𝒕 𝒔𝒕−𝟏, 𝒂𝒕−𝟏, 𝒐𝒕 ∥ 𝒒 𝒔𝒕 𝒔𝒕−𝟏, 𝒂𝒕−𝟏 ))

𝒉𝒕 = 𝑮𝑹𝑼(𝒉𝒕−𝟏, 𝒔𝒕−𝟏, 𝒂𝒕−𝟏)

𝒔𝒕~𝒒𝜽 𝒔𝒕 s𝒕−1,at−1

𝒐𝒕~𝒒𝜽 𝒐𝒕 𝒔𝒕

𝒓𝒕~𝒒𝜽 𝒓𝒕 𝒔𝒕

𝒔𝒕~𝒑𝜽 𝒔𝒕 𝒔𝒕−𝟏, 𝒂𝒕−𝟏, 𝒐𝒕

Deterministic state : 

Transition model : 

Representation model : 

Observation model : 

Reward model : 

2 3 4

Dreamer
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• Effects of RSSM

⚬ Dreamer는학습된 World Model의잠재공간에서가상의행동을상상및학습

⚬ World Model이실제환경의미래상태와유사한예측을수행해야최적의정책도출가능

⚬ RSSM 시각화과정을통해, 실제환경의시각적변화를효과적으로포착하고장기간에걸쳐일관된예측수행을확인

World Model이예측을시작하기위해사용한초기 5개이미지(경험)

Context(5) 이후, 예측한미래상태및행동에대한더먼미래의결과예측

Dreamer
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Methods

• Learning behaviors by latent imagination

⚬ Imagination : 학습된 World Model 내잠재가상공간내에서미래행동의결과를미리예측하고정책을최적화하는과정

⚬ Dynamics learning에서학습된 transition, reward model과초기 policy model의예측을따르며진행 → Imagination trajectory 생성

⚬ 잠재공간에서생성된 Imagination trajectory는추후에이전트컴포넌트업데이트에사용되는경험

Dreamer

o1

ොr1 ොr2 ොr3ොa1 ොa2 ොa3ොv1 ොv2 ොv3

Latent space
s1 s2 s3

{ 𝒔𝟏, ෝ𝒂𝟏 , 𝒔𝟐, ෝ𝒂𝟐 , … 𝒔𝝉+𝑯, ෝ𝒂𝝉+𝑯 }

Imagination trajectory 

o1

ොa3

o2 o3

a1 a2

(b) Learn behavior in imagination (c) Act in the environment
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Methods

• Learning behaviors by latent imagination

⚬ Dreamer의에이전트및정책학습은강화학습의 Actor-Critic network 구조사용

⚬ 환경에서 Actor가환경을취하면, Critic은가치함수로 Actor의행동(정책)을평가

⚬ Actor는행동에대한평가정보를기반으로정책업데이트반복

Actor

Environment

Reward

Critic

(next) 
state

feedback

reward

action

Dreamer
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Methods

RSSM

Ƹ𝑟3 ො𝑥3 Ƹ𝑟4 ො𝑥4

𝑥3𝑥2

𝑎1 𝑎2

ොs3

s3s2

ℎ4ℎ3

Action(Actor) 
model

Value(Critic) 
model

𝑎𝑡 𝐾𝐿

𝑞𝜙(𝑎𝑡|𝑠𝑡)

𝑣𝜓(𝑠𝑡)

𝒔𝒕

𝒔𝒕

Dreamer

• Learning behaviors by latent imagination

⚬ Imagination은학습된 World Model 내잠재가상공간내에서미래행동의결과를미리예측하고정책을최적화하는과정

⚬ Dynamics learning에서학습된 transition, reward model과초기 policy model의예측을따르며진행 → Imagination trajectory 생성

Action model:     𝒂𝝉 ~ 𝒒𝝓(𝒂𝝉 𝒔𝝉

Value model: 𝒗𝝍 𝒔𝝉 ≈ 𝑬q(.|s𝝉) σ𝝉′=𝒕
𝒕+𝑯 𝜸𝝉

′−𝒕 𝒓𝝉′

Objective of Action model : 

(𝟏) 𝐦𝐚𝐱
𝝓

𝑬𝒒𝜽,𝒒𝝓 ෍

𝝉=𝒕

𝒕+𝑯

𝑽𝝀 𝒔𝝉 (𝟐) 𝑬𝒒𝜽,𝒒𝝓
𝟏

𝟐
∥ 𝒗𝝍 𝒔𝝉 − 𝑽𝝀 𝒔𝝉 ∥𝟐 < 𝑽𝝀 ∶ Value estimator >

Action sampling:       𝒂𝝉 = 𝒕𝒂𝒏𝒉 𝝁𝝓 𝒔𝝉 + 𝝈𝝓 𝒔𝝉 𝝐 , 𝝐 ∼ 𝑵𝒐𝒓𝒎𝒂𝒍 𝟎, 𝑰 .

(𝝁𝝓 𝒔𝝉 , 𝝈𝝓 𝒔𝝉 )

A
ct
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Methods

RSSM

Ƹ𝑟3 ො𝑥3 Ƹ𝑟4 ො𝑥4

𝑥3𝑥2

𝑎1 𝑎2

ොs3

s3s2

ℎ4ℎ3

Action(Actor) 
model

Value(Critic) 
model

𝑎𝜏 𝐾𝐿

𝑞𝜙(𝑎𝑡|𝑠𝜏)

𝑣𝜓(𝑠𝜏)

𝒔𝝉

Action model:     𝒂𝝉 ~ 𝒒𝝓(𝒂𝝉 𝒔𝝉

Value model: 𝒗𝝍 𝒔𝝉 ≈ 𝑬𝒒𝜽,𝒒𝝓 σ𝝉′=𝒕
𝒕+𝑯 𝜸𝝉

′−𝒕 𝒓𝝉′

Objective of Action model : 

𝟏 𝐦𝐚𝐱
𝝓

𝑬𝒒𝜽,𝒒𝝓 ෍

𝝉=𝒕

𝒕+𝑯

𝑽𝝀 𝒔𝝉 𝟐 𝑬𝒒𝜽,𝒒𝝓
𝟏

𝟐
∥ 𝒗𝝍 𝒔𝝉 − 𝑽𝝀 𝒔𝝉 ∥𝟐

𝑽𝑵
𝒌 𝒔𝝉 ≐ 𝑬𝒒𝜽,𝒒𝝓 ෍

𝒏=𝝉

𝒉−𝟏

𝜸𝒏−𝝉𝒓𝒏 + 𝜸𝒉−𝝉𝒗𝝍 𝒔𝒉 with 𝒉 = min 𝝉 + 𝒌, 𝒕 + 𝑯

𝑽𝝀 𝒔𝝉 ≐ 𝟏 − 𝝀 ෍

𝒏=𝟏

𝑯−𝟏

𝝀𝒏−𝟏𝑽𝑵
𝒏 𝒔𝝉 + 𝝀𝑯−𝟏𝑽𝑵

𝑯 𝒔𝝉 ,

Action sampling:       𝒂𝝉 = 𝒕𝒂𝒏𝒉 𝝁𝝓 𝒔𝝉 + 𝝈𝝓 𝒔𝝉 𝝐 , 𝝐 ∼ 𝑵𝒐𝒓𝒎𝒂𝒍 𝟎, 𝑰 .

Dreamer

• Learning behaviors by latent imagination

⚬ Imagination은학습된 World Model 내잠재가상공간내에서미래행동의결과를미리예측하고정책을최적화하는과정

⚬ Dynamics learning에서학습된 transition, reward model과초기 policy model의예측을따르며진행 → Imagination trajectory 생성
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p
lin

g

(𝝁𝝓 𝒔𝝉 , 𝝈𝝓 𝒔𝝉 )

𝑎𝑡
𝒔𝒕
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• Learning behaviors by latent imagination

⚬ Imagination은학습된 World Model 내잠재가상공간내에서미래행동의결과를미리예측하고정책을최적화하는과정

⚬ Dynamics learning에서학습된 transition, reward model과초기 policy model의예측을따르며진행 → Imagination trajectory 생성

Methods

RSSM

Ƹ𝑟3 ො𝑥3 Ƹ𝑟4 ො𝑥4

𝑥3𝑥2

𝑎1 𝑎2

ොs3

s3s2

ℎ4ℎ3

Action(Actor) 
model

Value(Critic) 
model

𝐾𝐿

𝑞𝜙(𝑎𝑡|𝑠𝑡)

𝑣𝜓(𝑠𝑡)

𝒔𝒕

Dreamer

Action model:     𝒂𝝉 ~ 𝒒𝝓(𝒂𝝉 𝒔𝝉

Value model: 𝒗𝝍 𝒔𝝉 ≈ 𝑬𝒒𝜽,𝒒𝝓 σ𝝉′=𝒕
𝒕+𝑯 𝜸𝝉

′−𝒕 𝒓𝝉′

Objective of Action model : 

(𝟏) 𝐦𝐚𝐱
𝝓

𝑬𝒒𝜽,𝒒𝝓 ෍

𝝉=𝒕

𝒕+𝑯

𝑽𝝀 𝒔𝝉 (𝟐) 𝑬𝒒𝜽,𝒒𝝓
𝟏

𝟐
∥ 𝒗𝝍 𝒔𝝉 − 𝑽𝝀 𝒔𝝉 ∥𝟐 < 𝑽𝝀 ∶ Value estimator >

Action sampling:       𝒂𝝉 = 𝒕𝒂𝒏𝒉 𝝁𝝓 𝒔𝝉 + 𝝈𝝓 𝒔𝝉 𝝐 , 𝝐 ∼ 𝑵𝒐𝒓𝒎𝒂𝒍 𝟎, 𝑰 .

Update 𝝓 ← 𝝓+ 𝜶𝜵𝝋σ𝝉=t
t+H𝑽𝝀(s𝝉) Update 𝝍 ← 𝝍− 𝜶𝜵𝝍σ𝝉=t

t+H 1

2
𝒗𝝍(s𝝉) − 𝑽𝝀(s𝝉)

𝟐

𝑎𝑡
𝒔𝒕

A
ct

io
n

 s
am

p
lin

g



48

• Experiments

⚬ Dreamer의성능을평가하기위해 20개의 DMC 환경에서시각적제어 task를실험

⚬ 장기시퀀스(Long-hrizon), 연속액션, 이산액션등의상황에대한해결능력평가

Experiments
Dreamer

DMC Env
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• Experiments : Imagination horizons

⚬ Dreamer의핵심적아이디어인상상예측범위(Imagination Horizon, H)가에이전트의성능에미치는영향측정

⚬ Imagination Horizon : 에이전트가가상환경에서미래행동을계획(planning)할때, H-time step 이후까지예측

⚬ 실험을통해 Dreamer가 Imagination horizon length (H)의길이에영향을덜받는경향을확인

⚬ Dreamer의 value model이 Imagination 과정에서직접얻을수없는보상까지고려하여정책에반영 → 장기적목표달성

(a) walker-walk (b) cheetah-run (c) door-open

Dreamer
Dreamer(no-value)
PlaNet

Experiments
Dreamer
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• Experiments : Performamce comparison to existing methods

⚬ Dreamer와기존 RL 에이전트간비교실험수행 (M-B : 2/M-F : 2) 

⚬ Dreamer는 Model-Free에비해훨씬적은 step으로동등하거나우수한성능달성

⚬ Dreamer는잠재공간에서 Actor-Critic으로 action, value model을학습하여 World Model 계열인 Planet을능가

⚬ Dreamer의 World Model과 behavior 학습은 latent imagination을통해연속적, 장기적 task에대한정책을강건히학습

Experiments
Experiments

Dreamer
PlaNet
D4PG
A3C
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• Experiments(Visual control task)

⚬ 관측정보를 image로입력받아환경을제어하는 task

⚬ 총 7개의환경에서다른방법론보다높은보상을획득하거나최상위성능기록 → 복잡한시각제어작업에특화

⚬ 대부분의경우 Dreamer는더적은상호작용스텝내에서 Model-Free의최종성능과유사하거나능가하는경향

⚬ Dreamer(no-value) 버전은 Dreamer(full)보다현저히낮은성능 → 잠재공간상 value model을사용하며보상예측및정책최적화의여부

Experiments
Experiments

Dreamer
Dreamer(no-value)
PlaNet
D4PG
A3C
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Conclusion

01

02

03

04

Summary

Model-Based Reinforcement Learning

⚬ World Model (2018) : 인간의인지적추론과정을모방한환경모델링방법론제안

⚬ Dreamer (2020) : 기존 World Model을 발전시키고장기적예측및잠재동역학학습

World Models (2018)

⚬ 인지적추론을모방한 V, M, C model로이루어진가상환경모델링방법론

⚬ Dream이란과정을통해과거의이력을기반으로미래상태를먼저예측하여정책학습가능

Dreamer-v1 (2020)

⚬ World Model의 한계점을해결하고 Dream 과정을발전시켜더먼미래까지예측및행동학습가능

⚬ RSSM을사용하여결정론적/확률론적잠재상태모두고려 → 결정적인이벤트정보를보존하며 미래의불확실성에

대비

⚬ Action model을 사용함으로써그라디언트기반업데이트를수행하고 Value model로 더넓은범위의보상을예측
World Model 방법론들은신용할당(Credit Assignment Problem, CAP)에효과적

⚬ CAP : 획득한보상의원인인행동을추적하지못하거나, 학습에결정적인이벤트를파악하지못하는문제점

⚬ World Model 계열방법론들은잠재공간에서압축된데이터로여러미래를예측하고검증하므로매우효과적으로

알려짐
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Thank You


