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Reinforcement learning
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Fail and Success
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Reinforcement Learning
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Exploration and Exploitation

Exploitation
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Markov Decision process
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Atari

High dimensional state
Discrete actions



Deeplearning

Simple Neural Network Deep Learning Neural Network

Classification Object Detection Instance
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Deep learningtReinforcement Learning

Fully cgnnected Fully connected
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Deepmind. DQN

Deeplearning LLFSHA0 B25H01, AIIECH SZA0IS Bots OTXISS O

Human-level control through deep reinforcement
learning

Volodymyr Mnih'*, Koray Kavukcuoglu'*, David Silver'*, Andrei A. Rusu', Joel Veness', Marc G. Bellemare', Alex Graves',
Martin Riedmiller', Andreas K. Fidjeland', Georg Ostrovski', Stig Petersen', Charles Beattie', Amir Sadik’, loannis Antonoglou’,
Helen King', Dharshan Kumaran', Daan Wierstra', Shane Legg' & Demis Hassabis"




Deep Q network Architecture
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Please SUBSCRIBE to our YouTube Channel! It really helps us out!
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Result

Skiing
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Result

Command chopper
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SuperMario

High dimensional state
Discrete actions
Complex Environment



First challenge = SuperMario Bros

1985 Nintendo
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Deep learning model

VGG model and regular Hlid
O ZH Z0H2 Xt
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Sonic
High dimensional state

Discrete actions

More Complex Environment
Skills



OpenAl Retro challenge

RETRO CONTEST

..’. A'r‘ ;' - v].“.'l.[r : \:: Y, .
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April 5 to June 5, 2018
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To the Rainbow

Rainbow: Combining Improvements in Deep Reinforcement Learning

Matteo Hessel Joseph Modayil Hado van Hasselt Tom Schaul Georg Ostrovski
DeepMind DeepMind DeepMind DeepMind DeepMind
Will Dabney Dan Horgan Bilal Piot Mohammad Azar David Silver
DeepMind DeepMind DeepMind DeepMind DeepMind

20174 102! DeepmindGlA{ Rainbow DONS X




Extension to DQN

1.Double Q-learning.

2. Prioritized replay.

3.Dueling networks. + 7,A3C

4 Multi-step learning.
S.Noisy Nets.
6.Distributional RL.

3 an
https://github.com/wonseok jung/wonseok jung.github.io/blob/master/_posts/2018-05-23-RL-Totherb7.md
https://wonseok jung.github.io//reinforcementlearning/updote/RL-Totherb7/




Deep Q network
Multi-step learning
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To the Rainbow-2

DQN
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Rainbow= AI20t0{ SonicS ¥4

Sonic “Rainbow DQN(with noisy network, epsilon =0 )

SCORE
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https://contest.openai.com/videos/132.mp4
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A.l Prosthetics

High dimensional state
Continuous actions



NIPS 2018 - Al for Prosthetics Challenge

NIPS 2018: Al for Prosthetics Challenge

Reinforcement learning with musculoskeletal models

P Stanford Neuromuscular ! ‘l“""'"“:“'gv\_‘:"i'v”i N
Biomechanics Laboratory crowdAl  EPFL Digital Epidemiology Lab

L
6674 83 217

84 days left Views Participants Submissions




Discrete Action

Action in Real world

Continuos Action

https://twittér.com/iamruj

DQN solved High dimensional state, but not continues action




Two methods of choosing action

1. action-value :
- Learning the action value
- Estimaote action valueS HIE'O 2 actionS MENDICI
= Policies would not even exist without the action-value estimotes

q"(s,a) =E[G,| S, =s,A, =a]

2. Parameterized policy :
- select actions without consulting value function

- Value function still be used to learn policy parameter
- Value function0l action= MEiot= 1I=22 AFZEIX| @=CH

J (9) : Performance measure
A

Orr1 = 0r + a7 J(0)
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Select action using PG Method

Discrete Action

Action Probability Distribution

(o

action, a

https://www.cs.ubc.ca/~gberseth/blog/demystifying-the-many-deep-reinforcement-learning-algorithms.html|

Continuos Action

’
.
‘.
LIRS,

L
http://www0.cs.ucl.ac.uk/staff/d.silver/web/Teaching_files/pg.pdf




Emergence of Locomotion Behaviours in Rich Environments

https://www.youtube.com/watch?v=hx_bgoTF7bs&t=98s
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Latest trends



DeepMimic
Reference Motion2 & Lol 2 E§= ofXIl &
1 [hetot= HI0ITE =,
Simulation Reference

[ 9 )

5

t deep reinforcement learning

en result in unrealistic behavio




This virtual stuntman could improve video game physics

/ / -'\ '\ =

https://www.youtube.com/watch?v=XCLSkFKTWyg
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Unity ml-agent

& unity

Brain A Brain B Brain C Brain D
((WEGED)] (Heuristic) (External) (External)
External Python
Academy Communicator (Tensorflow)

Learning Environment

Machine Learning
Agents

Unity Machine Learning AgentsE AF25104 THQ!0] ZHUS TIEKSH= 2401 ks




Unity ml-agent

Imitation learnin

AFEN0| il

x-u:l-og Ot g

https://www.youtube.com/watch?v=kpb8ZkMBFY s&feature=youtu.be
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Unity ml-agent
Very easy
Curriculum learning @

Easy

v

Medium

v

Hard

v

Very hard

https://youtu.be/VRPJAefVYEQ



https://youtu.be/vRPJAefVYEQ

Exploration ?
Sparse Reward?



Exploration

Playing hard exploration games by watching YouTube

Yusuf Aytar*, Tobias Pfaff*, David Budden, Tom Le Paine, Ziyu Wang, Nando de Freitas

DeepMind, London, UK
{yusufaytar,tpfaff,budden,tpaine,ziyu,nandodefreitas}@google.com

(a) An example path (b) Aligned frames (¢) Our embedding (d) Pixel embedding
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Blog:
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