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1. MiniMax Tree Search
2. Monte Carlo Tree Search

3. AlphaGo
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MiniMax Tree Search

MiniMax Tree Search
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Deep Blue, 1997
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| Monte Carlo Tree Search
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Monte Carlo
Tree Search
|
MiniMax Tree Search
+ Monte Carlo Rollout




W | Monte Carlo Tree Search
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Monte Carlo Rollout: @i BEHIHAERITA4ATRTS FROME

Evaluation
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_ #win simulation cases started from s
Win Rate(s) =
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| Monte Carlo Tree Search

MiniMax Tree Search + Monte Carlo Rollout— Monte Carlo Tree Search
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| Monte Carlo Tree Search

MiniMax Tree Search + Monte Carlo Rollout— Monte Carlo Tree Search
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Minimax Tree Search + Monte Carlo Rollout
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Deep Neural Network + Monte Carlo Tree Search
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AlphaGo
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@akDeepmind  Mastering the game of Go with deep
2016 Natureitsz neural networks and tree search

David Silver'*, Aja Huang'*, Chris J. Maddison', Arthur Guez', Laurent Sifre!, George van den Driessche!,

Julian Schrittwieser!, loannis Antonoglou', Veda Panneershelvam!, Marc Lanctot!, Sander Dieleman!, Dominik Grewe!,
John Nham?, Nal Kalchbrenner!, Ilya Sutskever?, Timothy Lillicrap', Madeleine Leach!, Koray Kavukcuoglu!,

Thore Graepel' & Demis Hassabis'

doi:10.1038/nature16961
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How | Teach My Mice
To Walk Backwards
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- 2013512, F—RAEBRUFEIILIZLHENIPS 2013
Reinforcement Learning Workshop

Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih  Koray Kavukcuoglu David Silver Alex Graves Ioannis Antonoglou
Daan Wierstra  Martin Riedmiller
DeepMind Technologies

{vlad, koray,david, alex.graves, ioannis,daan, martin.riedmiller} @ deepmind.com
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deep reinforcement learning: (Worldwide)
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AEQMLE (DQN)
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"Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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"Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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Boxing
Breakout

Star Gunner
Robotank
Atlantis

Crazy Climber
Gopher

Demon Attack
Name This Game
Krull

Assault

Road Runner
Kangaroo
James Bond
Tennis

Pong

Space Invaders
Beam Rider
Tutankham
Kung-Fu Master
Freeway

Time Pilot
Enduro

Fishing Derby
Up and Down
Ice Hockey
Q'bert
H.ER.O.
Asterix

Battle Zone
Wizard of Wor
Chopper Command
Centipede
Bank Heist
River Raid
Zaxxon

Amidar

Alien

Venture
Seaquest
Double Dunk
Bowling

Ms. Pac-Man
Asteroids
Frostbite
Gravitar

Private Eye
Montezuma's Revenge
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normalized performance

DQN score — random play score
~ human score — random play score

At human-level or above
Below human-level

The performance of DQN is

normalized with respect to a

professional human games
tester (that is, 100% level)
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"Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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Rich Sutton Andew Barto

http://incompleteideas.net/book/RLbook2020.pdf
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UCL David Silver RL Course: https://www.davidsilver.uk/teaching/

Berkeley Sergey Levine Deep RL Course: http://rail.eecs.berkeley.edu/deepricourse/

OpenAl DRL Camp: https://sites.google.com/view/deep-rl-bootcamp/lectures

RL China Camp: http://rlchina.org/
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