153 - AT LI

2018-1-15

AVEA—35—LTLAY

==

A

#:

Bl BB

8 BT ER TR

SR

S RIEE E



DEEP Q-NETWORK (DQN)



Deep Q-Network (Mnih et al., 2015)

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

« B—OTOT LTI RTOY —LESE
— CNN+ 5816 & (Q-Learning)
— https://www.youtube.com/watch?v=AVg YIp09ps



https://www.youtube.com/watch?v=AVg_YIp09ps�

ik =F & (Reinforcement Learning, RL)




MDP

o TJLOTRE1EFE (Markov decision Process)
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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
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7 0
8
9
10 0
11

[EEY
N




IRRE7EIKBE10Z #RER




IRAE7EIRBE10ZFRERLT-12

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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Up Down Left Right End
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4 0 0 0
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Deep Q-Network
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Reinforcement Learning with Unsupervised
Auxilia ry Tasks (Jaderberg et al., 2016)

Apgent LSTM
(a) Base A3C Agent O
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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
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CoAltAT—L TLAVBODERE
J— Fa¥ I8—
JLAy J— 0 +1 ~1
A Rl Fa+ -1 0 +1
I\N— +1 -1 0

o FHRELER (pure strategy)
— HAOBIEHETEIITES

o BB EEE (mixed strategy)
— BEBEREEMITRES

— 5l [F—(0.5) F3a+x(0.3) 7/8—(0.2)]
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CeAlTAT—L TLAVBDERE
J— FaF I\—
TLavy | T— 0 +1 -1
ADRIES | F% [ 0 +
IN— +1 ~1 0

e 1w a7 (Nash equilibrium)
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One-card Poker

o MEFETHMIELSNI=/R—H—
— 1341
— H—FIE1#K
— BUVA—FZE-> TS AL

. YU
— RIE#ETEIE $1
- TJLAMVYADFE
e Bet $0 or $1
—- LMY 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/�

TLANXAD Ty L EEREE

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/�
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Bet 0§ 2L T Bet 1§ [ZXL T
H—F Bet 3 HHEZR A—Fk Bet 3 HFEZR
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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— Rhode Island Hold’em
e I—R3MDHKR—H—
¢ 9B1Tx 925 = &Rt 100517 x 100555

— Texas Hold’em
o FHAIZFHHLMHRIEZFLAGLNEREIFALY
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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
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e Heads-up Limit Texas hold’em
— 1341
- BT EITEERICER

e Polaris 2.0
— University of Alberta
— CFR

e 2008 Gaming Life Expo

— 3 wins, 2 losses, 1 tie
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e Japanese chess
o FLEIDIL—IL (RS- ERATES)
o FHEAOQFTIEILLEIELZISEUED ADE) : 7005 A
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