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What is Reinforcement Learning?

Supervised Learning Reinforcement Learning

motor scooter C
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Fixed dataset Data depends on actions taken in environment



Formalizing the Agent-Environment Loop
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Advantage Actor-Critic (A3C)
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A Single Trial (with Advantage Actor-Critic)
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Combating Variance: Advantage Actor-Critic
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Scaling Reinforcement Learning (A3C)
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Scaling Reinforcement Learning
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Off-policy Actor-Critic for Continuous Actions
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Distributional Distributed DDPG (D4PG)

Categorical Mixture of Gaussians Scalar Value

Hoffman, Barth-Maron et al., 2017
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Episode Returns

Episode Returns
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Catch, N =1 Match Moving Target In Hand, N =1 Pickup And Orient, N =1
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Distributional Distributed DDPG (D4PG)
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Episode Returns

Episode Returns
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https://docs.google.com/file/d/0B_lYSIeNJrtQSlpBdjNpY3JDMDQ/preview
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https://docs.google.com/file/d/1km6q0aT8VyZ-z-xfbMRxKdlaCuZ1Axtl/preview
https://docs.google.com/file/d/1hl_pL2bFStlwMjSvvKibuCXYtcwLC_yB/preview

Playing Go with Deep Networks and Planning
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Training Policy and Value Networks
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Planning with an Environment Model & MCTS

Selection Expansion Evaluation Backup

. b i e
mu(ﬂﬁm%mum :ﬁi m ﬂ m vgﬁ , \ﬁ N\

7/

R SNE I B I 3 o
I
@) o |

Silver, Huang et al., Nature, 2016



Planning with an Environment Model
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Playing Go with Without Human Knowledge
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Playing Go with Without Human Knowledge

Neural network training
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Elo rating

Playing Go with Without Human Knowledge
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Playing Go with Without Human Knowledge
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Playing Go with Without Human Knowledge
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Playing Go with Without Human Knowledge
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Questions?



