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Recap: Neural networks 3

ETHzurich oftRobotics



ETH:-urich

>

M

Stgte Revyard

SRL

oftRobotics

Laboratory

Agent

Actjon




4'0:

Markov Process ;:J

4 B
>
Agent
‘ \_ _J
Stgte Revyard Actjon
S’ r |

Lf )

Environment <—

ETHzurich Softfebtes



Policy

State

ETHzurich Softfebtes

Policy

Action

.."
6 ..=

]



Reward and Discount Factor .J
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Q and Value functions
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Q and Value functions

Q function in state
s and action a
given policy 1t
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Q and Value functions

Original map Value function for  Q function for each
each cell cell and action
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High level intuition
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Q Learning ~J

for each step ¢ do Temporal difference

|
Observe (st,at,rt,st+1_) | |

Update Q(s¢,a:) <+ Q(St,at) + a[r: + ymaxq Q(se+1,a) — Q(s¢, at)]
end for
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Actor-Critic structure
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State-of-the-art algorithms
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Differences with Reinforcement Learning

Reward
function?

ETHzirich . Setiessties

17



Differences with Reinforcement Learning
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Expert choice
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Expert choice
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Behavioral cloning
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Training to Overcome the sim2real Gap

https://blog.research.google/2017/10/closing-simulation-to-reality-gap-f
or.html
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Training to Overcome the sim2real Gap
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Training to Overcome the sim2real Gap "-'==‘J
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Training to Overcome the sim2real Gap
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Recap: From Q and Value Functions to '_J
State-of-the-art algorithms

Vi(s)=E ZWkTHkH Vs €S
| k=0 _
Q" (s,a) =K, Z’Ykrt+k+1 St = S,0y = @ @

L k=0
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Recap: Imitation learning
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Recap: Training to Reality Gap il
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