542 >

Reinforcement Learning
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Example: Learning to Walk

Initial A Learning Trial After Learning [1K Trials]

[Kohl and Stone, ICRA 2004]



Example: Learning to Walk

Initial | o
Kohl and Stone, ICRA 2004] [Video: AIBO WALK — initial]



Example: Learning to Walk

P

Training
[Kohl and Stone, ICRA 2004] [Video: AIBO WALK — training]



Example: Learning to Walk
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Finished

[Kohl and Stone, ICRA 2004] [Video: AIBO WALK — finished]



Example: Toddler Robot

[Tedrake, Zhang and Seung, 2005] _
[Video: TODDLER — 40s]



The Crawler!

[Demo: Crawler Bot (L10D1)] [You, in Project 3]



Video of Demo Crawler Bot
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Offline (MDPs) vs. Online (RL)

Offline Solution Online Learning
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Model—-Based Learning
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Model-Free Learning
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Passive Reinforcement Learnin
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Temporal Difference Learning
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Sample of V(s): sample = R(s,7(s),s) +~4V™(s")
Update to V(s): VT(s) + (1 —a)V"(s) 4+ (a)sample
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Exponential Moving Average
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States Observed Transitions
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