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Atari 2600

— 19775 F5%

https://en.wikipedia.org/wiki/Atari 2600
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o iR1L=E (reinforcement learning)
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TILOTRTEIBIE
(Markov Decision Process, MDP)

o VILOTREIBIE
—RREERE S
- 1THERE A
— IREEZBREBAEL P(s’ |5,0)
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— ¥RBNBEZX R(s,0,5")
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Figure by Waldoalvarez
CCBY-SA 4.0

https://en.wikipedia.org/wiki/Markov decision process
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o FIBITENMMERIZL Q7(s, a)
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e Q*(s, a) AVimT=9 X (Bellman AFE=L)
Q'(s,a)=> P(s']s, a)(R(s, a,s')+y max Q(s, a’))
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e QF & (Q-learning) watkins, 1989]
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Q=FH (Q-learning)
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Up Down Left Right End
1 0 0 0 0
2 0 0 0 0
3 0 0 0 0
4 0 0 0 0
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Up Down Left Right End
1 0 0 0 0
2 0 0 0 0
3 0 0 0 0
4 0 0 0 0
5 0 0 0 0
6 0 0 0 0
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9
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Deep Q-Network [mnih et al., 2015]

e Atari 2600 Games
~JAavIEEL. AR—ZAALUR—HF—_ EFURY . etc.

O

* A—DTRISLTINTDT —LEFE
— CNN+ 5816 & (Q-Learning)
— https://www.youtube.com/watch?v=AVg YIp09ps
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AlphaGo vs ZtHF)L

Match 3 - Google DeepMind Challenge Match: Lee Sedol vs AlphaGo

Q‘QKBA '. 1' 60081&, veepiviind
Challenge Match

16 March 2014

AlphaGo 4% FHEIL 105

':{\:- AlphaGo
Dl
®

I » ¥ ] 30:46 / 6:00:56
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ETHILAKRERE (MCTS)

27 7J)LAKREERE (Monte Carlo Tree Search,
MCTS)
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UCB

 Upper Confidence Bounds (UCBs)
— B/ N\ Ty EE D TR E

— Regret H° O(In n)
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UCT

e UCB MD[EE
—2FHLUBOTLATIORNIEERNZ
—HHFOEFICHFITAIOLFEES

e UCT (UCB applied to Trees)
— Kocsis & Szepesvari (ECML 2006)
—~UCB %% /—FTCHEE
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« BATL—L3ay
1. Selection

2. Expansion A
3. Simulation
4. Backpropagation 7\

e UCTEMERKNDF O
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UCT =X, +2C,

simulation

2Inn (playout)
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AlphaGo

» Google DeepMind H B F

o« EXOHEET

07 S5 L% EFIMICE

— SO0 18X (?)
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1 Hyperbolicr tangent ReLU (Rectified Linear Unit)
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HHIAB—1—TILRYRNT—D
(Convolutional Neural Network, CNN)
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AlphaGo

e CNN [Z&SITHFFH|. BEEE
— A 19x19x48 FEI12=
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D Silver et al. Nature 529, 484—489 (2016) doi:10.1038/nature16961 natlﬁ‘e




AlphaGo
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e
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S EREDHEE B & Xt 8 DL
(30005 Bm)
D Silver et al. Nature 529, 484—489 (2016) doi:10.1038/nature16961 natqre
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AlphaGo Zero [Silver et al., 2017]
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b Neural network training
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(Silver et al., 2017)
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a Select

4

b Expand and evaluate

‘| ‘ Q U

#ﬁ#ﬂf
QUA

H

FOERDEAE

Q(s,a)+cP(s,a)

Repeat

C Backup

52
i
e, (1) B

—N

\/ZNsb

1+ N(s,a)

Qls,a)=— (s)

\s a—s'

(Silver et al., 2017)



Prediction accuracy

—a—JI)LycD—o0FAIERE

-JAEETOFEF M - TOM T OHFEDBERZE TR

701 0.35 A
60 |
< una 0.30 -
— 501 e
g C w
o} o o ]
E 40- 2 E
= L o
g 05 0251
,% a o
g - 5 2
§ 201 0.20 - -
10 - .
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(Silver et al., 2017)



AlphaGo Zero M i&{LF3

Elo rating

5,000 -
4,000 A
3,000 A
2,000 A
1,000 -+
0 -
—1,000
—2,000 1

-3,000 1

—4,000 -

== Reinforcement learning
== Supervised learning
=== AlphaGo Lee

20 30 40 50 60 70
Training time (h)

(Silver et al., 2017)
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(Silver et al., 2017)
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L= (comparison training)

e AVEA—AF RO MEA#D BEIFE
— Tesauro (2001), DeepThought |
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AlphaZero (silver et al., 2018)

* AlphaGo Zero MFIiTZEFT R, FHHEIZEF

_EFMEA(EE) CO0RENDE{L2E

RESEARCH

COMPUTER SCIENCE

A general reinforcement learning
algorithm that masters chess, shogi,
and Go through self-play

David Silver**{, Thomas Hubert"*, Julian Schrittwieser'*, Ioannis Antonoglou’,
Matthew Lai', Arthur Guer', Mare Lanctot', Laurent Sifre', Dharshan Kumaran',
Thore Graepel', Timothy Lillicrap’, Karen Simonyan', Demis Hassabis't

The game of chess is the longest-studied domain in the history of artificial intelligence.
The strongest programs are based on a combination of sophisticated search techniques,

programmers, combined with a high-performance
alpha-beta search that expands a vast search tree
by using a lange number of dever heuristics and
domain-specific adaptations. In (I0) we describe
these augmentations, focusing on the 2016 Top
Chess Engine Championship (TCEC) season 9
world champion Stockfish (17); other strong chess
programs, including Deep Blue, use very similar
architectures (I, 12).

In terms of game tree complexity, shogi is a
substantially harder game than chess (13, 14): It
15 played on a larger board with a wider variety of
pieces; any captured opponent piece switches
sides and may subsequently be dropped anywhere
on the board. The strongest shogi programs, such
as the 2007 Computer Shogi Association (CSA)

wnrld rhamnian Flma have anlv recentle A

Silver et al., Science 362, 1140-1144 (2018) 7 December 2018



AIphaZero (Silver et al., 2018)

Shogi
/M\’—\/——M- o

—— AlphaZero
— Elmo

0 100 200 300 400 500 600 700
Thousands of Steps



PIEEBBEDIA

Some of its moves, such as moving the King to
the centre of the board, go against shogi theory
and - from a human perspective - seem to put
AlphaZero in a perilous position. But incredibly
it remains in control of the board. Its unigue
playing style shows us that there are new
possibilities for the game."

https://deepmind.com/blog/alphazero-shedding-new-light-grand-games-chess-shogi-and-go/
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Texas Hold’em

Texas Hold’em
—-OUARDOBHEIHR—H—DVED

il PokerTH 0.8.3 - The Open-Source Texas Holdem Engine | = ==

Player 4

Player & Player 6
$4.980 @ $4.900 $4.980
Player 3 - T Player 7
g4, $4.900
o .

T (o
74 9
Fold|

$4.980 a $4.980

Player 2 Player &
44,980 @ 44,940 44,920

Player 1 Human Player Player 9

AN

RERGA
LERRE,
JRBGRE,
BREEE | BB ﬂ.
FHAEE  RRERE,



e 2008%

— Heads-up Limit Texas hold’em Thy7 7L
A X (B 5

e 20154
— Heads-up Limit Texas hold’em h3\EEHM N5

¢ 20174

— Heads-up No-Limit Texas hold’em Thy 77
LA ZBF
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ADRIES | F% [ 0 +
IN— +1 ~1 0

e 1w a7 (Nash equilibrium)

- EQTLANLER () NEBEETS 5L koTRE
FHERLVRAE = 2tE

— BEOHENEWNIRENEITEOTLS

e LoAlTAT—LA
— T A SIS TIEEEL L
— BEHEE [V —(1/3) Fax(1/3) /N"—(1/3)]



[l 8

¢« J—. . Fax N—THEMNESIEH
—J—TH>1-631
— FIFXTHo=b2R
— IN—TH>=b1 R

o Tyl atyEERLIL ?
D JT—DHER>S>FIXTDER>S/IN—DHER
2 IN—DERSTFITOER>ST—OHER
@ EFnList

Zz @ J—(1/3) Fax(1/6) /8—(1/2)



One-card Poker

o Hf{bINT=rR—HhH—
— 1%}
— h—FIF1#
— BLVH—FZEFE->TWWA AN
— Ante (Fx{E#MT%) (L $1

e TOKRMDELT
— JLAvYADFESE

e Pass or Bet $1

- LMV BDFE
e Call, Raise or Fold

— (FL1+V B H Raise LTZIZGEDH)TLAY A DFE
e Call or Fold

http://www.cs.cmu.edu/~ggordon/poker/



http://www.cs.cmu.edu/~ggordon/poker/�

One-card Poker

Raise Fold Call




T 1 EEER (TLAVA)

15t round 2"d round
h—Fk Bet 9 5 h—Fk Bet 9 HfEE
2 0.454 2 0.000
3 0.443 3 0.000
4 0.254 4 0.169
5 0.000 5 0.269
6 0.000 6 0.429
7 0.000 7 0.610
8 0.000 8 0.760
9 0.422 9 1.000
10 0.549 10 1.000
J 0.598 J 1.000
Q 0.615 Q 1.000
K 0.628 K 1.000
A 0.641 A 1.000

http://www.cs.cmu.edu/~ggordon/poker/



http://www.cs.cmu.edu/~ggordon/poker/�

T EEER (T 1B)

Pass [Z¥LT Bet $1 [ZXL T
Hh—F Bet 9 HHEER h—F Bet 9 HfEE
2 1.000 2 0.000
3 1.000 3 0.000
4 0.000 4 0.000
5 0.000 5 0.251
6 0.000 6 0.408
7 0.000 7 0.583
8 0.000 8 0.759
9 1.000 9 1.000
10 1.000 10 1.000
J 1.000 J 1.000
Q 1.000 Q 1.000
K 1.000 K 1.000
A 1.000 A 1.000

http://www.cs.cmu.edu/~ggordon/poker/
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Fvd a9

o h—Hh—DEBE
— Rhode Island Hold’em
e I—R3MDHKR—H—
¢ 9B1Tx 925 = &Rt 100517 x 100555

— Texas Hold’em
o FHAIZFHHLMHRIEZFLAGLNEREIFALY




BRHRICLIERE

o FEREARZ (extensive-form)

BODF|= | o 3 +1 +3 0 2 1 +2 0




Counterfactual Regret Minimization (CFR)

* Average overall regret

R' :lmaxi(ui(o':’di)_ui(o-t»
T O} €2, t=1

— Regret: 5 RMICR TRANTHHT-EIB LA DE
— Regret A 0 [Z38 DK
= EHERICEST Y o

o [EHRE & (information set) & overall regret
— B4 DIEEHE S THILIZ regret Zax/IME
— Regret matching [C&> TR I LAV DEBRE B H




Regret matching 5
o [EERCvAITA (BMNLAT=ZIR)

accumulated regret R [B] ) ERBE
5— 2/3 Jg— 1

FaFt -1/3» Fa¥ o

IN— -1/3 N— 0

/3 information set

0 0
2/9 -7/9 5/9 8/9 -1/9 -7/9 -4/9 5/9 -1/9
A

5 —DIERE100%IZLEEMN- =2 &I LB E1E
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