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Deterministic Policy Gradient

(𝒔𝒕, 𝒂𝒕, 𝒓𝒕, 𝒔𝒕+𝟏)

…

Replay memory
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AlphaGo Parallel Reinforcement Learning
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높은 행동공간으로 인한 차원의 저주로 인해 학습이 어려움

7자유도 시스템
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DDPG

Action space = 𝟑𝟕 = 𝟐𝟏𝟖𝟕

Action = {오른쪽, 정지, 왼쪽}

높은 행동공간으로 인한 차원의 저주로 인해 학습이 어려움

7자유도 시스템

고차원의 행동공간을 처리하기 위해서는
연속적인 행동공간을 사용하는 알고리즘이 필요
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DDPG

DPG + Neural Network
DQN

(experiment buffer+
target network)
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DDPG
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DDPG
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DDPG

(𝒔𝟏, 𝒂𝟏, 𝒓𝟏, 𝒔𝟐)
(𝒔𝟐, 𝒂𝟐, 𝒓𝟐, 𝒔𝟑)

𝒆𝒕 = (𝒔𝒕, 𝒂𝒕, 𝒓𝒕, 𝒔𝒕+𝟏)
(𝒔𝒕, 𝒂𝒕, 𝒓𝒕, 𝒔𝒕+𝟏)

… 𝒆𝒕 = (𝒔𝒋, 𝒂𝒋, 𝒓𝒋, 𝒔𝒋+𝟏) ~ 𝐔(𝐃)

Store current transition Replay memory D

Sample transitions
(minibatch)
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DDPG
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DDPG

𝜽𝑸′ ← 𝝉𝜽𝑸 + (𝟏 − 𝝉)𝜽𝑸′

𝜽𝝁′ ← 𝝉𝜽𝝁+ (𝟏 − 𝝉)𝜽𝝁′
𝜽𝑸 𝜽𝝁

𝜽𝑸′ 𝜽𝝁′

Soft update

DQN update

𝜽𝑸′ ← 𝜽𝑸

Target-net Target-net

Eval -net Eval -net
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DDPG

𝒂𝒕 = 𝝁 𝒔𝒕 𝜽
𝝁 +𝑵𝒕(𝒏𝒐𝒊𝒔𝒆),

𝑵𝒕 = 𝑵𝒕−𝟏 + 𝜽 𝝁−𝑵𝒕−𝟏 + 𝝈𝒓, 𝒓~𝑵𝒐𝒓𝒎𝒂𝒍 𝟎, 𝟏
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DDPG
Experiment
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DDPG
Experiment

• original DPG with batch normalization
•original DPG with targetnetwork
•original DPG with batch normalization, targetnetwork
•original DPG with batch normalization, targetnetwork+  pixel-only inputs
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TD3
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TD3

𝐸 𝑚𝑎𝑥𝑎′ 𝑄 𝑠′, 𝑎′ + 𝜀 > 𝑚𝑎𝑥𝑎′Q(s′,a′)

s

a

행동

Q- network

𝑚𝑎𝑥𝑎′(𝑄(𝑠′, 𝑎′) + 𝜀)]

𝐸[𝑚𝑎𝑥𝑎′(𝑄(𝑠′, 𝑎′) + 𝜀)] ≥ 𝑚𝑎𝑥𝑎′Q(s′,a′)

상태 q

Temporal Difference(TD)

행동가치
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TD3



- 26 - 26

TD3
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TD3

𝑸𝜽𝟐(𝒔, 𝝅𝝓(𝒔))𝑸𝜽𝟏(𝒔, 𝝅𝝓(𝒔))

Q-net 𝑸𝜽𝟏 Q-net 𝑸𝜽𝟐

Taget-net

𝑸𝜽′𝟏

Taget-net

𝑸𝜽′𝟐

𝑖𝑓 𝑸𝜽′𝟏(𝒔, 𝝅𝝓(𝒔)) > 𝑸𝜽′𝟐(𝒔, 𝝅𝝓(𝒔))

𝑸𝜽′𝟐(𝒔, 𝝅𝝓(𝒔))을 사용
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TD3

𝑄𝜃 𝑠, 𝑎 = 𝑟 + 𝛾𝐸 𝑄𝜃 𝑠′, 𝑎′ − 𝛿(𝑠,𝑎).

𝑄𝜃(𝑠𝑡𝑎𝑡) = 𝑟𝑡 + 𝛾𝐸[𝑄𝜃(𝑠𝑡+1, 𝑎𝑡+1] − 𝛿𝑡 ,
= 𝑟𝑡 + 𝛾𝐸[𝑟𝑡+1 + 𝛾𝐸[𝑄𝜃(𝑠𝑡+2, 𝑎𝑡+2) − 𝛿𝑡+1]] − 𝛿𝑡 ,

= 𝐸𝑠𝑖~𝑝π, 𝑎𝑖~π
𝑖=𝑡

𝑇

γ𝑖 (𝑟𝑖−δ𝑖)]

Monte Carlo(MC)

Temporal Difference(TD)

1번 추정

n번 추정
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TD3

𝜽𝑸′ ← 𝝉𝜽𝑸 + (𝟏 − 𝝉)𝜽𝑸′

𝜽𝝁′ ← 𝝉𝜽𝝁+ (𝟏 − 𝝉)𝜽𝝁′

Soft update
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TD3
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TD3

𝑫𝒆𝒕𝒆𝒓𝒎𝒊𝒏𝒊𝒔𝒕𝒊𝒄
𝝁𝜽 𝒔

+𝑐−𝑐

ε∼clip(N(0,σ),−c,c)
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TD3
Experiments
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Conclusion
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