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RL 기초지식과경험
있는분

강화학습처음이신분 강화학습에대한
Application 적용고민
하는분
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1. 
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Multi Armed Bandit

Generalized Policy 
Iteration(GPI) Deep Q Network

(DQN)Value Iteration

Policy Iteration

Markov Decision 
Process

Monte Carlo
(MC)

Temporal Difference
(TD)

Dynamic 
Programming(DP)

Bellman Equation

Model-Based Model-Free

Sequential Decision Problem

Deep RL

SARSA

Q Learning

Reinforcement Learning

MAB SDP MDP DP TD QL DQN

Application

Return & Value 
function
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한판 10 USD
Action은무조건땡긴다.

언제까지?

1000$ 벌면 (WIN)
100$조차다잃거나(LOSE)

에피소드

에이전트환경

Action

MAB SDP MDP DP TD QL DQN
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한방에 잭팟터져 1000$를벌거나

10판 (10 에피소드) 연속으로 0$(꽝)되서 100% 날리거나

Best case

Worst Case
패널티

보상

보상이나패널티를 1000~0으로 Scalar값으로표현하며
리워드라고부르자

MAB SDP MDP DP TD QL DQN
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앗! 10개중에
뭘고르지?

Action은이제 10개의슬롯머신중하나를고르는것

=정책(Policy)

MAB SDP MDP DP TD QL DQN
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Optimal
Actions

그렇다면, 우리가기대하는건 3,4,5번의슬롯머신을에이전트가택하는것!

MAB SDP MDP DP TD QL DQN
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• 학습하는동안 Exploration : 다양한경험을위해일부러 𝜖의확률만큼은 Non-
Greedy actions한액션을확률적으로뽑고나머지 1- 𝜖만큼은 Greedy action을선택

• 학습이완료되면 Exploitation : Greedy actions 중의하나를선택하는것

MAB SDP MDP DP TD QL DQN
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MAB SDP MDP DP TD QL DQN
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Multi armed 
bandit

Associative(=Con
text) search

Reinforcement 
Learning

액션내릴때판
단기준정보

X O O

시간개념 X X O

MAB SDP MDP DP TD QL DQN
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(Start) (0,1) (0,2) (0,3) (0,4)

(1,0) (1,1) R : -1.0 (1,3) (1,4)

(2,0) R : -1.0 R : 1.0 (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)

+1

Agent

Obstacle

Goal

MAB SDP MDP DP TD QL DQN
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ℳ𝐷𝑃 = < 𝑆, 𝐴, 𝑃, 𝑅, 𝛾 >
S : 상태(State)
A : 행동(Action)
P : 상태변환확률(State transition probability)
R : 보상(Reward)
𝛾 : 할인율(Discount factor)

“Markov” property 
(=memoryless property) 

<구성요소> <성질>

MAB SDP MDP DP TD QL DQN
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(Start) (0,1) (0,2) (0,3) (0,4)

(1,0) (1,1) R : -1.0 (1,3) (1,4)

(2,0) R : -1.0 (Goal) (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)

MAB SDP MDP DP TD QL DQN
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(Start) (0,1) (0,2) (0,3) (0,4)

(1,0) (1,1) R : -1.0 (1,3) (1,4)

(2,0) R : -1.0 (Goal) (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)

MAB SDP MDP DP TD QL DQN
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(Start) (0,1) (0,2) (0,3) (0,4)

(1,0) (1,1) R : -1.0 (1,3) (1,4)

(2,0) R : -1.0 (Goal) (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)

MAB SDP MDP DP TD QL DQN
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(Start) (0,1) (0,2) (0,3) (0,4)

(1,0) (1,1) R : -1.0 (1,3) (1,4)

(2,0) R : -1.0 (Goal) (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)

MAB SDP MDP DP TD QL DQN
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(Start) (0,1) (0,2) (0,3) (0,4)

(1,0) (1,1) R : -1.0 (1,3) (1,4)

(2,0) R : -1.0 (Goal) (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)

𝜸𝟎𝜸𝟏

𝜸𝟐

𝜸𝟑

𝜸𝟒

에피소드종료!
스코어계산가능해짐

반환값(Return)

𝐺1 = 𝑅2 + 𝛾𝑅3 + 𝛾
2𝑅4 + 𝛾

3𝑅5 + 𝜸
𝟒𝑹𝟔

𝐺2 = 𝑅3 + 𝛾𝑅4 + 𝛾
2𝑅5 + 𝛾

3𝑅6
𝐺3 = 𝑅4 + 𝛾𝑅5 + 𝛾

2𝑅6
𝐺4 = 𝑅5 + 𝛾𝑅5
𝐺5 = 𝑅6

c.f.) 𝐺𝑡 𝑜𝑓 𝑏𝑎𝑛𝑑𝑖𝑡 = 𝑅𝑡+1 + Rt+2 + Rt+3 + … + RT

MAB SDP MDP DP TD QL DQN

𝑅6
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“Markov” property (=memoryless 
property) =  the future only depends 
on the current state, not the history. 

ℙ 𝑆𝑡+1 𝑆𝑡 = ℙ[𝑆𝑡+1|𝑆1, 𝑆2, … , 𝑆𝑡]

Q Learning저자 Watkins의 Markov property 해석

(0,0) (0,1)

(1,0) (1,1)

만족

불만족

MAB SDP MDP DP TD QL DQN
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(0,0) (0,1)

(1,0) (1,1)𝐷

𝑅 𝑆01

1.0

1.0

Deterministic Environment

(0,0) (0,1)

(1,0) (1,1)𝐷

𝑅 𝑆01

𝑆10

1.0

0.5
0.5

Stochastic Environment

(0,0) (0,1)

(1,0) (1,1)𝐷

𝑅 𝑆01

𝑆10 𝑆11

1.0

0.5
0.5

Stationary Environment

(0,0) (0,1)

(1,0) (1,1)𝐷

𝑅 𝑆01

𝑆10 𝑆11

0.9

0.1

Non stationary Environment

대부분문제가여기에해당!

MAB SDP MDP DP TD QL DQN
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Bandit)

MDP World)

𝐺𝑡 = 𝑅𝑡+1 + Rt+2 + Rt+3 + … + RT

𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝑅 𝑡+2 + … =  

𝑘=0

∞

𝛾𝑘𝑅𝑡+𝑘+1

Where 𝛾 is a parameter, 0 < 𝛾 < 1, called the discount rate

우리는에피소드가끝나는시점에 Return을알수있다.

MAB SDP MDP DP TD QL DQN
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정책(Policy) : 각상태에서에이전트가어떻게판단을해야할지대한기준을주는정보이며, 대부분어떤
상태에서어떤액션을선택할확률

𝜋(𝑠, 𝑎) 𝑉(𝑠) 𝑄𝜋(𝑠, 𝑎)

주어진 𝜋에서액션비교가능 Action별비교불가 State + Action의 Action Value

액션가치함수(Q function) : 가치함수와정책를결합하여특정상태에서액션별가치를비교하기위

해서 Value function 대안으로나온함수

MAB SDP MDP DP TD QL DQN
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MAB SDP MDP DP TD QL DQN

가치함수 Bellman Expectation Equation 큐함수 Bellman Expectation Equation

“이방정식을통해현재상태 𝑆𝑡와다음상태 𝑆𝑡+1의가치함수(큐함수) 관계성립”
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MAB SDP MDP DP TD QL DQN
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환경이알려주는정보

State 
Transition 
Probability

Reward

Model Free Model Based
“에이전트가고생하며샘플링” “좀더우위에서모든경우수가능”

모르는경우 다알고있는경우

MAB SDP MDP DP TD QL DQN
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MAB SDP MDP DP TD QL DQN

Model Free Model Based
샘플링 모든경우수를고려
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MAB SDP MDP DP TD QL DQN
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MAB SDP MDP DP TD QL DQN

Deterministic 환경, 𝑃𝑠𝑠′
𝑎 = 1
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0.0 0.0 -0.25 0.0 0.0

0.0 0.25 -0.25 0.0

-0.25 0.25 0.0 0.25 0.0

-0.0 -0.25 0.25 0.25 0.0

-0.0 0.0 0.0 0.0 0.0

1,3 좌표에서에이전트가

위 : 0.25 * (0 + 0.9 X 0 ) = 0
아래 : 0.25 * (0 + 0.9 X 0 ) = 0
좌 : 0.25 * (-1 + 0.9 X 0 ) = -0.25
우 : 0.25 * (0 + 0.9 X 0 ) = 0

𝑣𝑘+1 𝑠 = 0 + 0 − 0.25 + 0
= -0.25

MAB SDP MDP DP TD QL DQN
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0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0

0.0 0.0 -0.25 0.0 0.0

0.0 0.0 0.0 -0.25 0.0

-0.25 0.25 0.0 0.25 0.0

0.0 -0.25 0.25 0.25 0.0

0.0 0.0 0.0 0.0 0.0

𝜋𝑘+𝑚 𝑠𝜋𝑘 𝑠

MAB SDP MDP DP TD QL DQN
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/1-policy-iteration

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/1-policy-iteration
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MAB SDP MDP DP TD QL DQN
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DP이기때문에가능
즉 Learning by Rollout이아니라 Planning

𝑣𝑘+1 ← max
𝑎
[𝑅𝑠
𝑎 + 𝛾𝑣𝑘 𝑠

′ ]

MAB SDP MDP DP TD QL DQN
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0.0 0.0 -0.25 0.0 0.0

0.0 0.0 0.0 0.0

-0.25 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.25 0.0

-0.0 0.0 0.0 0.0 0.0

1,3 좌표에서에이전트가

위 :  0 + 0.9 X  0 = 0 
아래 :  0 + 0.9  X 0 = 0
좌 : 1 + 0.9 X 0 = 0  = 1.0 
우 :  0 + 0.9  X 0 = 0

위 : 0.25 * (0 + 0.9 X 0 ) = 0
아래 : 0.25 * (0 + 0.9 X 0 ) = 0
좌 : 0.25 * (-1 + 0.9 X 0 ) = -0.25
우 : 0.25 * (0 + 0.9 X 0 ) = 0

Expectation을위한 probability없음

𝑣𝑘+1 ← max
𝑎
[𝑅𝑠
𝑎 + 𝛾𝑣𝑘 𝑠

′ ]

𝑣𝑘+1 = 𝑚𝑎𝑥 0, 0, 1.0,0
= 1.0

MAB SDP MDP DP TD QL DQN
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0.0 0.0 -0.25 0.0 0.0

0.0 0.0 0.0 0.0

-0.25 0.0 0.0 1.0 0.0

0.0 0.0 0.0 0.25 0.0

-0.0 0.0 0.0 0.0 0.0

1,3 좌표에서에이전트가

위 :  0 + 0.9 X  0 = 0 
아래 :  0 + 0.9  X 1.0 = 0.9
좌 : -1 + 0.9 X 0 = 0  = -0.1
우 :  0 + 0.9  X 0 = 0

위 : 0.25 * (0 + 0.9 X 0 ) = 0
아래 : 0.25 * (0 + 0.9 X 0 ) = 0
좌 : 0.25 * (-1 + 0.9 X 0 ) = -0.25
우 : 0.25 * (0 + 0.9 X 0 ) = 0

Expectation을위한 probability없음

𝑣𝑘+1 ← max
𝑎
[𝑅𝑠
𝑎 + 𝛾𝑣𝑘 𝑠

′ ]

𝑣𝑘+1 = 𝑚𝑎𝑥 0, 0.9, −0.1,0
= 0.9

MAB SDP MDP DP TD QL DQN
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/2-value-iteration

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/2-value-iteration
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MAB SDP MDP DP TD QL DQN

Model Free Model Based
샘플링하여환경정보를에이전트가근사 모든경우수를고려

에피소드
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𝑉(𝑠𝑡) ← 𝑅𝑡
Trajectory 1

𝑺𝟐𝟎

𝑺𝟒𝟑

𝑺𝟑𝟑

Trajectory 2

𝑺𝟑𝟑

𝑺𝟏𝟐 𝑺𝟏𝟑 𝑺𝟏𝟒

𝑺𝟐𝟏

𝑺𝟏𝟐𝑺𝟏𝟏

𝑺𝟎𝟐 𝑺𝟎𝟑

𝑺𝟒𝟑 𝑺𝟑𝟑 𝑺𝟑𝟑 𝑺𝟏𝟐 𝑺𝟏𝟑 𝑺𝟏𝟒

+1

-1

+1

-1

T 1 2 3 4 5 T

𝜏

𝐺𝑡 0.59 0.65 0.729 0.81 0.9 1

𝑺𝟐𝟎 𝑺𝟐𝟏 𝑺𝟏𝟐𝑺𝟏𝟏 𝑺𝟎𝟐 𝑺𝟎𝟑

T 1 2 3 4 5 T

𝜏

𝐺𝑡 0.59 0.65 -0.729 -0.81 -0.9 -1

x 𝛾x 𝛾x 𝛾x 𝛾x 𝛾

𝑉 𝑠12 = 0

MAB SDP MDP DP TD QL DQN
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MAB SDP MDP DP TD QL DQN

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/3-monte-carlo

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/3-monte-carlo
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Model Free Model Based
샘플링하여환경정보를에이전트가근사 모든경우수를고려

한스탭

MAB SDP MDP DP TD QL DQN
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𝑉 𝑠𝑡 ← 𝑟𝑡 + 𝛾𝑉(𝑠𝑡+1)

Trajectory 1

𝑺𝟒𝟑

𝑺𝟑𝟑

𝑺𝟑𝟑

𝑺𝟏𝟐 𝑺𝟏𝟑 𝑺𝟏𝟒

+1

𝑺𝟒𝟑 𝑺𝟑𝟑

T 1 2

𝜏

𝑉(𝑆𝑡) 0.59 0.65

𝑺𝟑𝟑 𝑺𝟑𝟑

T 2 3

𝜏

𝑉(𝑆𝑡) 0.65 0.729

𝑺𝟑𝟑 𝑺𝟏𝟐

T 3 4

𝜏

𝑉(𝑆𝑡) 0.729 0.81

𝑺𝟏𝟐 𝑺𝟏𝟑

T 4 5

𝜏

𝑉(𝑆𝑡) 0.81 0.9

𝑺𝟏𝟑 𝑺𝟏𝟒

T 5 T

𝜏

𝑉(𝑆𝑡) 0.9 1

학습도움이될수 있는샘플은
Trajectory당 5개!

MAB SDP MDP DP TD QL DQN
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𝑉 𝑠𝑡 ← 𝑟𝑡 + 𝛾𝑉(𝑠𝑡+1)

+1 T 1 2

𝜏

𝑉(𝑆𝑡) -0.59 -0.65

T 2 3

𝜏

𝑉(𝑆𝑡) -0.65 -0.729

T 3 4

𝜏

𝑉(𝑆𝑡) -0.729 -0.81

T 4 5

𝜏

𝑉(𝑆𝑡) -0.81 -0.9

T 5 T

𝜏

𝑉(𝑆𝑡) -0.9 -1

𝑺𝟐𝟎

Trajectory 2

𝑺𝟐𝟏

𝑺𝟏𝟐𝑺𝟏𝟏

𝑺𝟎𝟐 𝑺𝟎𝟑
-1 𝑺𝟐𝟎 𝑺𝟐𝟏

𝑺𝟐𝟏 𝑺𝟏𝟏

𝑺𝟏𝟐𝑺𝟏𝟏

𝑺𝟏𝟐𝑺𝟎𝟐

𝑺𝟎𝟐 𝑺𝟎𝟑

학습도움이될수 있는샘플은
Trajectory당 5개!

MAB SDP MDP DP TD QL DQN
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(0,0) (0,1) (0,2) (0,3)

(1,0) (1,1) (1,2) (1,3)

(2,0) (2,1) (2,2) (2,3)

(3,0) (3,1) (3,2) (3,3)

(4,0) (4,1) (4,2) (4,3)

(0,0) (0,1) (0,2) (0,3)

(1,0) (1,1) (1,2) (1,3)

(2,0) (2,1) (2,2) (2,3)

(3,0) (3,1) (3,2) (3,3)

(4,0) (4,1) (4,2) (4,3)

Trajectory 1 Trajectory 2

MAB SDP MDP DP TD QL DQN
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MC 𝑉 𝑠𝑡 ← 𝑟𝑡 + 𝛾𝑟𝑡+1 + 𝛾
2𝑟𝑡+2 + … Unbiased but 

High Variance

TD 𝑉 𝑠𝑡 ← 𝑟𝑡 + 𝛾𝔼 𝑟𝑡+1
′ + 𝛾2𝔼𝔼 𝑟𝑡+2

′′ + … Biased but 
Low Variance

좋은예측은작은분산으로예측이가능해야한다는점에서볼때, 
TD가 MC를더많은아이템으로가지고기대값을구할수있으므로 더좋음.

𝑉𝑎𝑟 𝑉 𝑠 ∝
1

𝑁

MAB SDP MDP DP TD QL DQN
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MAB SDP MDP DP TD QL DQN

𝑄 𝑠𝑡 , 𝑎𝑡 ← 𝑟𝑡 + 𝛾𝑉(𝑠𝑡+1)

① SARSA : 가장간단하며, 𝑠𝑡 , 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1, 𝑎𝑡+1 샘플필요

𝑉 𝑠𝑡+1 = 𝑄 𝑠𝑡+1, 𝑎 × 𝑎𝑡+1

② Expected SARSA  : 기대값이용하여예측

③ Q Learning :  𝑉(𝑠𝑡+1)을예측을현재정책으로 사용. Off Policy가가능

𝑉 𝑠𝑡+1 = 𝑄 𝑠𝑡+1, 𝑎 × 𝜋(𝑠𝑡+1, 𝑎)

𝑉𝜋
∗
𝑠𝑡+1 = 𝑄

𝜋∗ 𝑠𝑡+1, 𝑎 × 𝑎𝑟𝑔𝑚𝑎𝑥𝑎𝑄
𝜋∗(𝑠𝑡+1, 𝑎)

Expectation(True Policy Distribution)

Experience(Empirical Distribution)
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https://gitlab.com/verystrongjoe/master-rl-for-two-days/blob/master/day1/td/cliff_walking.py

MAB SDP MDP DP TD QL DQN

https://gitlab.com/verystrongjoe/master-rl-for-two-days/blob/master/day1/td/cliff_walking.py
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MAB SDP MDP DP TD QL DQN

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/4-sarsa

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/4-sarsa
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MAB SDP MDP DP TD QL DQN

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/5-q-learning

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/5-q-learning
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“우왕! 이카지노대박” “여보(another Q)! 아니야~ 운일 뿐이었어!”

𝑉𝐵
𝜋∗ 𝑠𝑡+1 = 𝑄𝐵

𝜋∗ 𝑠𝑡+1, 𝑎 × 𝑄𝐴
𝜋∗(𝑠𝑡+1, 𝑎)𝑉𝜋

𝑜𝑓𝑓
𝑠𝑡+1 = 𝑄

𝜋𝑜𝑓𝑓 𝑠𝑡+1, 𝑎 × 𝜋
𝑜𝑓𝑓(𝑠𝑡+1, 𝑎)

MAB SDP MDP DP TD QL DQN
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60 seconds

2x10x60x2 + 11x60

0.0 0.0 -0.25 0.0 0.0

0.0 0.0 0.0 0.0

-0.25 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.25 0.0

-0.0 0.0 0.0 0.0 0.0

5x5

VS

𝑣𝜋 𝑞𝜋

Function Approximator: Linear Regression, Decision Tree, Neural Network 가능

MAB SDP MDP DP TD QL DQN
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Experience
Replay

MAB SDP MDP DP TD QL DQN

Random Sampling
&

Mini-Batch update
with SGD
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MAB SDP MDP DP TD QL DQN



2. 
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세부워크샵

주말밤샘

주 3회
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Q

EMH (Effective Market Hypothesis)
+

Massively POMDP
+

Noise Market
+

Irrational Crowd Psychology

Is it impossible?
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출처: https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/
Cheng, Chi-Tung, et al. "Application of a deep learning algorithm for detection and visualization of hip fractures on plain pelvic radiographs." European radiology (2019): 1-9.
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①②매수/매도호가 (매도기준설명)
- “셀트리온”이라는주식을 “팔려고“ 하는주문의집합
예)257,000원에셀트리온팔려고하는주식수는 863주
257,500원에셀트리온팔려고하는주식수는 5,991주
261,500원에셀트리온팔려고하는주식수는 3,867주
=> 실시간셀트리온 257,000원에 매수주문(최우선매도호가)
호가정보는사람들이얼마에주문을내느냐, 혹은기존주문
을취소/수정하느냐에따라서실시간으로변함
- 즉, 호가창의변화가정보가될수있음 (매도호가에물량

이빠르게쌓인다주식이상승하기어렵다? 팔려는사
람多)

③체결량(체결시간, 체결가격, 체결량)
- 거래가이루어진정보
예)15:18:52(오후 3시 18분 52초)에 257,500원 43주거래
15:18:52 (오후 3시 18분 52초)에 257,500원 45주거래

체결량이빨간색/파란색으로표시된것
 거래가체결될때매도호가에서체결되었는가혹은매

수호가에서되었느냐에따라

즉, 빨간색은누군가 257,500원에셀트리온을사겠다고즉
시주문을낸것 (최우선매도호가에주문)
파란색은누군가 257,000원에셀트리온을팔겠다고즉시
주문을낸것 (최우선매수호가에주문)
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일정시간
T동안
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EnvironmentAgent
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체결관련
CSV

호가관련
CSV

Supervised Learning Agent

BSA

Episode
Filter

Reinforcement Learning Agent

BOA

SSA

Environment 
(Thread)Environment 

(Thread)

Init()

render()

step()

done()

Init()

SOA

BSA

BOA

SSA

SOA
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Buy Signal
Agent

Buy Order
Agent

Sell Signal
Agent

Sell Order
Agent

매수체결이후구입한종목/가격 전달

환경으로받는체결/호가정보를통해주식매수시그널발생

BSA와마찬가지로좋은타이
밍의매도시점을탐색

신호를받는순간제한된시간안에매수

남은기간동안비싼가격으로매도

①

④

③

②

BOA가매수성공시리워드

SOA가매도성공시마찬가지로 BSA에도리워드

SOA가매도성공시리워드
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출처: https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/
Cheng, Chi-Tung, et al. "Application of a deep learning algorithm for detection and visualization of hip fractures on plain pelvic radiographs." European radiology (2019): 1-9.

Profit per ep(%) : 500개의에피소드의평균수익율 (수수료및세금 = 0.3% 한국기준)
MDD(%) : Max Draw Down, 500개에피소드중가장큰손실

해석 : 한국기준의세금(Worst case)를고려해도 0.39%라는수익율과변동성이상
당히있는시황에서도 Max Draw Down(MDD)가 -4.36%를기록했다는점은고무적.



3. Conclusion
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https://github.com/6-Billionaires/trading-gym https://github.com/6-Billionaires/trading-agent

https://github.com/6-Billionaires/trading-gym
https://github.com/6-Billionaires/trading-agent
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강화학습각 Task당소요되는시간비율

알고리즘 환경 에이전트디자인 하이퍼파라메터튜닝및학습

아잘못탔나?
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벌쳐한마리와저글링 12마리와의전투

500회 학습 후 1000회 학습 후 5000회 학습 후

저글링을 잘 못 피함
(행동, 지형 모두 미학습)

저글링 피하면서 공격 성공
지형적으로 구석에 몰려 실패

(행동 학습, 지형 미학습)

저글링을 피하면서 공격 성공
구석에 몰리지도 않고 미션 성공

(행동, 지형 모두 학습)

SDS SAIDA RL Framework (open source): https://github.com/TeamSAIDA/SAIDA_RL

https://github.com/TeamSAIDA/SAIDA_RL


- 77 -Copyright ⓒ 2019,  All rights reserved.

상태 설명

Ready,       문닫고 멈춰있는 상태

NormalMove,  위아래 어느쪽이든 정상적인 속도로 이동하는 상태

Decelerate,  다음층에 멈추기 위한 감속상태

MoveStop,    이동하는 중에 각층에 멈춤상태

DoorOpening, 문열는중

DoorOpened,  문열린 상태(이 상태에서 승객 승하차가 이루어짐)

DoorClosing, 문닫히는 동안.

Accelate,    이동에 대한 가속상태




