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강화학습 문제점강화학습기본 메타강화학습
다양한접근법

- 강화학습기본원리이해

- 기존강화학습문제점

- 메타강화학습을통한한계점극복방안

- 각극복방안의대표적인알고리즘에대한개념적이해

※ Model Free Reinforcement Learning과 Finite MDP 가정하고진행됩니다



Reinforcement Learning
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ActionState

환경(Environment)과상호작용을하는에이전트(Agent)는상태(State)를보고
액션(Action)하며, 그에대한응답으로보상(Reward)을얻는연속적의사결정

Environment

Agent

𝐴𝑡
𝑆𝑡

Reward, State 
𝑅𝑡+1 𝑆𝑡+1
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Environment
(Grid World → Mario World)

에이전트(Agent)
상태(State)
: { 

{에이전트, 0, 0}, 
{0,          굼바,         0},
{굼바, 0,    공주}

}

액션(Action)
: {위, 아래, 좌, 우}

리워드(Reward)

: +1  ,            :  -1
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에이전트목표는 처음시작하는시점부터종료시점까지일어나는모든에피소드에
서받을보상값최대로끌어올리는것
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에이전트가시작시점에서 게임끝날때최종시점의점수를최대화하는방법을어떻
게알수있을까?
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ℳ𝐷𝑃 =< 𝑆, 𝐴, 𝑃, 𝑅, 𝛾 >

S : 상태(State)
A : 액션(Action)
P : 상태변환확률(State transition probability)
R : 보상(Reward)
𝜸 : 할인율(Discount factor)

연속적의사결정문제를해결하기위해강화학습에서사용하는프로세스

가치함수(Value Function)

𝑄𝜋 𝑠, 𝑎 = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎]

정책(Policy)

𝜋 𝑎 𝑠 = 𝑃 𝐴𝑡 = 𝑎 𝑆𝑡 = 𝑠

누적보상(Return)
𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝑅𝑡+2 +⋯ =
σ𝑘=0
𝑇 𝛾𝑘𝑅𝑡+𝑘+1
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𝑷𝒔𝒔′
𝒂 : 상태변환확률(State transition probability)

𝑆2 : 두번째상태

𝑆3 : 세번째상태

𝑆3 : 세번째상태

𝑎2 =위

80% 

20% 
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𝜸 : 할인율(Discount factor)

1

Reward를받은최종시점에서부터 멀어질수록리워드할인

𝟏 ∗ 𝟎. 𝟗𝟑𝟏 ∗ 𝟎. 𝟗𝟒

T = 1 T = 2 T = 3 T = 4 T = 5

𝟏 ∗ 𝟎. 𝟗𝟐 𝟏 ∗ 𝟎. 𝟗𝟏
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𝑮𝒕 ∶누적보상, 강화학습에이전트가최대화해야하는값 (Return)

1𝟏 ∗ 𝟎. 𝟗𝟑𝑮𝒕 = 𝟏 ∗ 𝟎. 𝟗𝟒

T = 1 T = 2 T = 3 T = 4 T = 5

𝟏 ∗ 𝟎. 𝟗𝟐 𝟏 ∗ 𝟎. 𝟗𝟏

𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝑅 𝑡+2 + … = 

𝑘=0

∞

𝛾𝑘𝑅𝑡+𝑘+1



- 14 -

ℙ 𝑆𝑡+1 𝑆𝑡 = ℙ[𝑆𝑡+1|𝑆1, 𝑆2, … , 𝑆𝑡]

T = 1 T = 2 T = 3 T = 4 T = 5

Markov Property (=memoryless property) 
= 미래는오직과거의정보가아닌현재의정보에만의존한다. 
= 이전의상태정보를감안하지않으므로학습효율적

현재시점
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가치함수(Value Function) 상태(State)마다누적 보상기대값(평균가치) 함수

𝑣 𝑠 = 𝔼[𝐺𝑡|𝑆𝑡 = 𝑠]

-0.9639 0.729 0.81

-1.8 -1 0.9

-1 0 1

#1

#2

#3
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정책(Policy) : 각상태에서에이전트가액션을결정해주는함수

𝜋 𝑎 𝑠 = 𝑃 𝐴𝑡 = 𝑎 𝑆𝑡 = 𝑠)

-0.96 0.73 0.81

-1.8 -1 0.9

-1 0 1

-0.96 0.73 0.81

-1.8 -1 0.9

-1 0 1

0.73

-1.8

-0.96 0.81

-1

0.73

-1 0.9

0.81

-1

1
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에이전트가목적을달성하기위해가치함수는다양한 State 와 Action 조합이필요

초반에는 Exploration, 학습잘된이후엔 Exploitation!!

Exploration

-0.96 0.73 0.81

-1.8 -1 0.9

-1 0 1

Exploitation
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마리오가공주를만나기위해에이전트가학습되는과정

https://github.com/rlcode/reinforcement-learning-kr/

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/1-policy-iteration
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더자세한내용은아래 제이전세미나페이지 1 ~54를참고바랍니다.

http://dmqm.korea.ac.kr/activity/seminar/277



Traditional RL Problems
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에이전트가환경으로부터학습하는목적은다음과같다.

Action

Reward, 
State

Environment

Stochastic State Transition

Stochastic Reward Distribution

0.4 0.6
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Training Test

이미지(RGB)정보를상태로받는에이전트가테스트시점에배경이바뀐다면?
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0.3 0.60.7 0.4

Training Test

슬롯머신의성공확률이테스트시점에서바뀐다면?
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학습되는환경밖에모르는에이전트는테스트시점에서는성능을내지못한다.
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메타러닝과강화학습을접목하여강화학습의일반적인성능을올리는학습방법

① Memory를가지는 Model : RNN의 Hidden State 이용하여다양한 task에기억하며
학습가능

② Meta  Learning 알고리즘 : test 시점에경험하지못한 task를빠르게해결하기위
한목적으로 model weight 를어떻게 update할것인가?

③다양한 MDP : Agent가학습하는동안다양한환경을접했을때서로다른 MDP
에대해서어떻게학습할것인가?
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같은환경에서다양한플레이 경험하지못한환경에서좋은성능

메타강화학습을통해우리는다음을기대할수있다.
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State, Reward

Action 

메타강화학습은아래와같이다양한접근방법이있다.

④ Task

② Action

③ Agent Design

① Policy

𝑅𝐿2(2016, OpenAI), Learning to 
reinforcement learn(2017, Google)

Paired Open-Ended Trailblazer (POET): 
Endlessly Generating  Increasingly Complex 
and(2019, Uber)

Reinforcement Learning for Improving Agent Design(Ha, ICML 2018)

Meta-Reinforcement Learning of Structured Exploration 
Strategies(Gupta et al, UC Berkeley, ICML 2018)

Automatic Goal Generation for Reinforcement Learning Agents(Carlos 
et al, ICML 2018)

⑥ Reward

⑤ State
Automatic Data Augmentation for Generalization in Deep 
reinforcement Learning (NYU, Facebook AI , 2021)

Policy Action Agent Task State Reward
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Train task와 Test task가달라지는경우서로다른 Reward Probability와 State Transition 
Probabilities에대해서도학습을하는방법

𝑃𝑠𝑠′
𝑎 𝑅(𝑠, 𝑠′, 𝑎)의변화또한학습하기위해 LSTM 

Policy라는별도의 Outer loop 학습 (Slow Learning)

https://talkingaboutme.tistory.com/entry/RL-Meta-Reinforcement-Learning

𝑅𝐿2: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING

Policy Action Agent Task State Reward

𝑅𝐿2: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAI)
Learning to reinforcement learn(2017, Google)



- 30 -

Policy Action Agent Task State Reward

𝑅𝐿2: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAI)
Learning to reinforcement learn(2017, Google)

정책네트워크에현상태외, 이전액션과리워드를같이넣어주어환경자체도학습
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Policy Action Agent Task State Reward

𝑅𝐿2: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAI)
Learning to reinforcement learn(2017, Google)
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Policy Action Agent Task State Reward

𝑅𝐿2: Fast REINFORCEMENT LEARNING VIA SLOW REINFORCEMENT LEARNING (2016, OpenAI)
Learning to reinforcement learn(2017, Google)
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각주어진태스크에맞는 Exploration을각자부여하여다양한 Task에좋은성능을냄

Policy Action Agent Task State Reward

Meta-Reinforcement Learning of Structured Exploration Strategies(Gupta et al, UC Berkeley, ICML 2018)

One Task Other Task
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Policy Action Agent Task State Reward

Meta-Reinforcement Learning of Structured Exploration Strategies(Gupta et al, UC Berkeley, ICML 2018)
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State
Reward

Action 

정책이학습시에환경의상태정보외에도에이전트의 Body Structure 정보도학습하
여상황에맞게에이전트를디자인

Reinforcement Learning for Improving Agent Design(Ha, ICML 2018)

Policy Action Agent Task State Reward
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에이전트의 Body Structure 특성(넓이, 길이, 무게) 변형하여환경에맞는에이전트를
디자인하여학습

Reinforcement Learning for Improving Agent Design(Ha, ICML 2018)

𝜋𝜃 𝑠, 𝑎 → 𝜋𝜃(𝑠, 𝑎, 𝑏𝑜𝑑𝑦 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡)

Policy Action Agent Task State Reward
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Reinforcement Learning for Improving Agent Design(Ha, ICML 2018)

Policy Action Agent Task State Reward

에이전트변형이없는경우와에이전트변형을가한경우비교실험
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Paired Open-Ended Trailblazer (POET): Endlessly Generating  Increasingly Complex and Diverse 
Learning Environments and Their Solutions (Rui et al, ICML 2020)

메타강화학습 3가지핵심요소중다양한 MDP를어떻게적절하게학습할것인가?

𝑀𝑖 =< 𝒮,𝒜,𝒫𝑖 , ℛ𝑖 > ∈ ℳ

Policy Action Agent Task State Reward

Easy

Hard
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- Goal : 오른쪽끝까지이동
- Reward : Fall -100   
- Maximum step : 2000

Policy Action Agent Task State Reward

Paired Open-Ended Trailblazer (POET): Endlessly Generating  Increasingly Complex and Diverse 
Learning Environments and Their Solutions (Rui et al, ICML 2020)

Bipedal Walker Hardcore

환경난이도조절파라메터

이논문은쉬운환경에서어려운환경을만들수있는환경을제공한다.
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Policy Action Agent Task State Reward

Paired Open-Ended Trailblazer (POET): Endlessly Generating  Increasingly Complex and Diverse 
Learning Environments and Their Solutions (Rui et al, ICML 2020)

아래와같이에이전트는점점실력이향상되어진화하는모습을볼수있다.



- 41 -

Roughness 0

Gap 0

Stump 0

Roughness 0.2

Gap 0 - 1.2

Stump 0.2 - 0.6

Roughness 2.2

Gap 0.8-1.2

Stump 0.2-0.4

Easy, Simple Challenging , Complex

Policy Action Agent Task State Reward

Paired Open-Ended Trailblazer (POET): Endlessly Generating  Increasingly Complex and Diverse 
Learning Environments and Their Solutions (Rui et al, ICML 2020)

에이전트는다양한환경에서좋은성능을내는것을확인할수있다.
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State Augmentation + Data Regularization

Policy Action Agent Task State Reward

Reinforcement Learning with Augmented 
Data(Laskin et al, UC Berkely, ICML 2020)

𝐺𝜋 = 𝐾𝐿[𝜋𝜃(𝑎|𝑓 𝑠, 𝜈 )|𝜋 𝑎 𝑠 ]

𝐺𝑣 = V𝜃 𝑓 𝑠, 𝜈 − 𝑉 𝑠
2

𝐽𝑃𝐺 𝜃 = 

𝑎∈𝐴

𝜋𝜃 𝑎 𝑠 መ𝐴𝜃𝑜𝑙𝑑 𝑠, 𝑎

= 𝔼𝑎~𝜋𝜃𝑜𝑙𝑑

𝜋𝜃 𝑎 𝑓 𝑠

𝜋𝜃𝑜𝑙𝑑(𝑎|𝑠)
መ𝐴𝜃𝑜𝑙𝑑(𝑠, 𝑎)

𝑓: 𝒮 ×ℋ → 𝒮 (Image Transformation)

𝐽𝐷𝑅𝐴𝐶 = 𝐽𝑃𝑃𝑂 − 𝛼𝑟(𝐺𝜋 + 𝐺𝑣)

Image Augmentation Is All You Need: 
Regularizing Deep Reinforcement Learning 
from Pixels(Yarts et al, Facebook AI, ICLR 2021)

Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook AI , 2021)
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crop

grayscale

cutout

cutout-color

UCBAugmentation Task

Policy Action Agent Task State Reward

State Augmentation + Data Regularization + 밴딧알고리즘(UCB)

Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook AI , 2021)
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Policy Action Agent Task State Reward

Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook AI , 2021)

에이전트는이미지정보로학습되나배경이달라져도좋은성능이보장된다.
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Policy Action Agent Task State Reward

Automatic Data Augmentation for Generalization in Deep reinforcement Learning (NYU, Facebook AI , 2021)

논문에서가정한데로, 각게임마다잘되는 Augmentation 기법들이각각있다.
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기존리워드로학습하는대신에에이전트를다양한태스크마다다른 Goal을부여하
며, 이를 GAN(Goal GAN)으로학습

Policy Action Agent Task State Reward

Automatic Goal Generation for Reinforcement Learning Agents(Carlos et al, ICML 2018)
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Procgen Benchmark(OpenAI)

• High Diversity: The diversity in the 
resulting level distributions presents 
agents with meaningful 
generalization challenges.

• Fast Evaluation: 200M timesteps. 
perform thousands of steps per second on 
a single CPU core, enabling a fast 
experiment

• Tunable Difficulty: All environments 
support two well-calibrated difficulty 
settings: easy and hard. 

https://openai.com/blog/procgen-benchmark/

OpenAI 에서제공하는환경으로 16개의게임들이 제공된다.
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Assessing Generalization in Deep Reinforcement Learning(Packer et al, UC Berkeley, 2019)

UC Berkeley에서제공하는환경으로 5개의 OpenAI Gym Variants 들이제공된다.
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“복잡한세상을모델링할때우리의 Domain Knowledge나 Handcrafted 
code들을 AI 안에집어넣는것은발견의과정이어떻게이루어지는지이
해하는것을더어렵게만들뿐이다.”

Bitter Lessons by Richard Sutton


