HUMBOLDT-UNIVERSITAT ZU BERLIN

Reinforcement Learning

An Introduction/Overview

Dennis Wagner

Humboldt University of Berlin

Reinforcement Learning — An Introduction/Overview



Overview

Reinforcement Learning

0 Introduction

Reinforcement Learnin: n Introduction/Overview



Overview

Reinforcement Learning

0 Introduction

e Markov Decision Processes

Reinforcement Learnin: n Introduction/Overview



Overview

Reinforcement Learning

0 Introduction
e Markov Decision Processes

e Generalized Policy Iteration

Reinforcement Learnin n Introduction/Overview



Overview

Reinforcement Learning

0 Introduction
e Markov Decision Processes
e Generalized Policy Iteration

e Function Approximation

Reinforcement Learning — An Introduction/Overview



Overview

Reinforcement Learning

0 Introduction

e Markov Decision Processes
e Generalized Policy Iteration
e Function Approximation

e An Example

Reinforcement Learning — An Introduction/Overview



Introduction

Reinforcemen i roduction/Overview



Examples of Reinforcement Learning Problems

Industrial Robotics
Industrial robots learning to manipulate objects.

target position is located
above the green box %~
! \

Andrychowicz, M., Wolski, F., Ray, A., Schneider, J., Fong, R., Welinder, P., McGrew, B., Tobin, J., Abbeel, O.P.
and Zaremba, W., 2017. Hindsight experience replay. In Advances in Neural Information Processing Systems (pp.
5048-5058).
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Examples of Reinforcement Learning Problems

Games
Teaching a computer program to play complex games.
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Silver, D., Schrittwieser, J., Simonyan, K., Antonoglou, I., Huang, A., Guez, A., Hubert, T., Baker, L., Lai, M.,
Bolton, A. and Chen, Y., 2017. Mastering the game of go without human knowledge. Nature, 550(7676), p.354.
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Examples of Reinforcement Learning Problems

Games
Teaching a computer program to play complex games.
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Mnih, V., Kavukcuoglu, K., Silver, D., Graves, A., Antonoglou, I., Wierstra, D. and Riedmiller, M., 2013. Playing
atari with deep reinforcement learning. arXiv preprint arXiv:1312.5602.
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Examples of Reinforcement Learning Problems

Recommender Systems
Modelling interactions with the user as an MDP.
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Zhao, X., Zhang, L., Ding, Z., Yin, D., Zhao, Y. and Tang, J., 2017. Deep Reinforcement Learning for List-wise
Recommendations. arXiv preprint arXiv:1801.00209.
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The general setting
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Markov Decision Processes

Reinforcement Learning — An Introduction/Overview



Running example - Gridworld
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Elements of the RL Model - Gridworld
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Elements of the RL Model - MDP
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Elements of the RL Model - policy
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Elements of the RL Model - policy
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Example: Gridworld
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Example: Gridworld
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Example: Gridworld
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Example: Gridworld
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Example: Gridworld
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Example: Gridworld
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Example: Gridworld (2)
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Example: Gridworld (2)
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Example: Gridworld
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Example: Gridworld

Indl = 2 NS -0.3/0.6(0.7
‘E e E
— « 0.9/ +1{0.9
vIie—l 4 0.7/0.6{0.7

0.8

— Ko

Reinforcement Learning — An Introduction/Overview




Bellman Theorem

blackboard
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Generalized Policy lteration
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Example: Gridworld
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Generalized Policy lteration

1. function GPI
2 7 < arbitrary policy

7 return =
s end function

Reinforcement Learning — An Introduction/Overview



Generalized Policy lteration

1. function GPI
2 7 < arbitrary policy
3 repeat

6 until convergence
7 return =
s. end function

Reinforcement Learning — An Introduction/Overview



Generalized Policy lteration

1. function GPI

2 7 < arbitrary policy

3 repeat

& V<V > Policy Evaluation

6 until convergence
7 return =
s. end function
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Generalized Policy lteration

. function GPI
7 < arbitrary policy
repeat
VVr > Policy Evaluation

7 < greedy(V) > Policy Improvement
until convergence
return 7
. end function
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Offpolicy (TD) learning

a* = arg max Q(s,a)
a

S ® >
a,,; = arg max m(s,a)
a
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Function Approximation
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Example: Q
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Example: Q
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Experience Replay
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Fixed target nets
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Fixed target nets

S,a

|

eval

|
Q

/,/COPY\\‘

Reinforcement Learning — An Introduction/Overview

S,a

!

target




Fixed target nets

S,ad S,a
b _copy~ 4
eval target

! |
Q Q
update compute

parameters targets

Reinforcement Learning — An Introduction/Overview



Actor Critic methods
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Actor Critic methods
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An Example
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Monte Carlo Tree Search

Selection
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Monte Carlo Tree Search

Selection Expansion
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Monte Carlo Tree Search

Selection Expansion Evaluation
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Monte Carlo Tree Search
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AlphaGO - MCTS

Selection

max Q+ u(P)
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AlphaGO - MCTS

Selection Expansion
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AlphaGO - MCTS
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AlphaGO - MCTS

Selection Expansion Evaluation Backup

C{O\O Pp (+1Q))
P Q
max Q+ u(P) O VW( ) @VW( )
A
P K
r () r (O)

Reinforcement Learning — An Introduction/Overview



Thank you.
Any Questions?
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