Robots Manipulating Rubik’s Cubes

OpenAl et al., Solving Rubik’s Cube with a Robot Hand, https://openai.com/index/solving-rubiks-cube/ (2019) .
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Reinforcement Learning

e Still assume a Markov decision process (MDP):
* Aset of statess € S
* A set of actions (per state) A
A model T(s,a,s’)
* A reward function R(s,a,s’)
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Overheated

* Still looking for a policy 7t(s)

* New twist: don’t know T or R
* |l.e., we don’t know which states are good or what the actions do
* Must actually try actions and states out to learn
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Passive Reinforcement Learning

e Simplified task: policy evaluation
* Input: a fixed policy 7t(s)
* You don’t know the transitions T(s,a,s’)
* You don’t know the rewards R(s,a,s’)
e Goal: learn the state values

* In this case:
* Learner is “along for the ride”
* No choice about what actions to take
* Just execute the policy and learn from experience
* This is NOT offline planning! You actually take actions in the world.
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Temporal Difference Learning

* Big idea: learn from every experience!
e Update V(s) each time we experience a transition (s, a, s/, r) 7t(s)
* Likely outcomes s’ will contribute updates more often

* Temporal difference learning of values
 Policy still fixed, still doing evaluation!
* Move values toward value of whatever successor occurs: running average

Sample of V(s): sample = R(s,n(s),s") +~V7™(s)
Update to V(s): VT(s) + (1 —a)V"(s) + (a)sample

Same update: V7T (s) «+ V™(s) 4+ a(sample — V7 (s))

29



Q-Learning
* Q-Learning: sample-based Q-value iteration
Qr1(s,0) « L T(s,0,8) [R(s,a,8) 4+ maxQu(s', )|

e Learn Q(s,a) values as you go
* Receive a sample (s,a,s’,r)
* Consider your old estimate: Q(s,a)
* Consider your new sample estimate:

sample = R(s,a,s’) +~ max Q(s', a)
a

* Incorporate the new estimate into a running average:
Q(S7 a,) <« (1 — Q{)Q(S, a,) (a) [Sample] Q-VALUES AFTER 1000 EPISODES
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Exploration vs. Exploitation
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Summary

 We covered:

* Reinforcement Learning
* Model-Free

* Q-Learning
* Model-Based
* Coming up next:
* Imitation Learning.
* Dynamics.
» Advanced/special topics. ©
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