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AlphaGooll A= HelWd 3 73 sk (Reinforcement Learning), ZE|7IS2 Eg B4
(Monte Carlo Tree Search) & <1&A5 Aldol&e HA 7|les A5 &3t T
=29 AU AL AdES &3t ZEIIAE ol F Ue FELE AFS EFOE
#oh
HS9] HEHE B 2E W 2ol dis) A3 JheAdE Adete ve 7 AY FES
Al F 7HAE URA TR Ade H9Ed 7IH T dEFANARS 485k
HA 71RE AETEFse Aot AEREHAANAE LS Fo]2aEdq A AU A&
g Aoz FHd dEd ZlsolH, 4 ouAE AL FHOE UFo FEA
EXde AXsta AA GATE ZoAHA o]F o] AFst HAAE A4steE SHS
7Hth vlsol M= AAREAZS A2 d-Ho] Fosta oyl REA selo] HRHZ
A Aot HHHoE APH7] wiEel ARFANALS o] &3t AL HHg A
o]t} AlphaGoollAl+= ¥ o= 19x19 =7]9 uis3 A&o] Soj7ta =95 19x19 %4
HE 3 91X AY g B2t s 139419 4AAWS 743k KGS Go Server
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sigtg s A&t A dAVE 71RE w4 VIRE F AR Y bHiES 5XE
oA o] @Al A E VIEE doAe g 27 AT A FHeE B £ ok
AAZ o] GAE Tl Aol Wol AHHATL A GAN S5 MGG A
A 80%e TE= EAta ot FHA dAE d¥d =92 19x19 vE3 S
A8l g& Exolth o] F 7kA AALES A AW (policy network)gla FE21 A ©HA
A3 = SLA Y HSupervised Learning Policy Network), €4 ©Ae] ZA3}+= RLA YL

(Reinforcement Learning Policy Network)e|2lal F-Etf,
AL fEo] HE A& dE I JuEe dSFste AWH(v: value
network) = gFA =9} FASE A
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ol A9 M & Jlde ATAT " Tles FEAA 7S AY 2 TH
FAE gridog MAE & doke S HQl Aotk aga 1 AFRE AASE
FHo R dHo] ZEd B E gopA] AFste dukcloAl A 1S FA B A
oltt. =Wl d7 TS AAITE AFATE A9 olelyolE HFs & T e
H&F AT FEE AFse zlo] Bosta, AFAs dAA EA =Hsto &
Asta AFshe AbE7E solvol & Ao g A

oAlE IHS TF FAZAA HeE Ul TFte AS Fobste HEAAT o
HEAQl Heg o= AlphaGos Fuidttd JAFA T 7I&o]l drpvt HHA=A Gk
Aol FrEE Aeolth Iy Auirl AHiFE Z2IHYS nHIHH OF g
Abgrol & AHEERA] FUY AR AER Adiste Aol S-S Eole Aol obd7t
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T Aol 7|E 7R FFoly AAY olME 9T A JEE Fhgo] FH
A= A 2 olME I 57| 3AR s Huid &8st FHEglel A7
dtH AY= A A FA AlphaGort M2 diEd LA d-g3t=A Hl&
AE L 71371 2 A 2o
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1. AlphaGo QJF A5 HIS ZZE TG Y G reccesnnnccncnnsnnsnincnnee 1
2. AlphaGo®] A5 HlIFAIY ZZ 0T H|DL cevcevecenccccnnsnnsancanas 2
3. Al ET] A YT Z ceecrcncnnnninnnniiiiaiiiiis 4
4. MCTS YLD cerscvsercrscsssessescasesassssssssssssasessosssssssssessssesssssasessasssssses 6
V1) oK) = R 8
Tz = L I B T 12
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o (F*2 AlphaGo) 7+ DeepMind&lo] 703l AlphaGool 5%+
- f49 HEAT L F5o]|(Fan Hu) ZE2292 5:002 v}

217371 53], vlF2 A7) 53 did. vlFga A7l E= 3:2EZ AlphaGo

’ 1

P FEA FH, W 75, AN 1AL 297] 302 (34, WEA A7)
(e}
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2. AlphaGod| A& vi5AYd == ¥n

[] AlphaGoe] A&
o AlphaGoe KGS 71% =& 259 &

-z wEAY Zeadse] A% Ma

<AlphaGo%] HW spec.>

« AFWARDIS A7l G 2, 48
7 CPU, 87] GPUZS At&

* 2AF 2 WAL 40719 #A Ag =
120271 CPU, 1767} GPUZS A}&.
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Elo Rating

- 1229] Elo Rating & AASy} 2 BE
Aol Zoloig] S UE=
A

-8 uE 2098 452 GnuGo 54,

»

> > T O N T M ®
%g g & g o g é 2 Fuego o}ublth, Panchi ofo}2t™, Zen of
Fo oD o i =, 0]
E9 9 £ o ° 3 o 6%, Crazy Stone ofuf 6% 2%
[322 1] AlphaGo 2 &8 HIS =232 M&s H|W

o 7|E29] B AYd Z=IH

Coulom MCTS + Pattern
Crazy R(z2 | 2005 | 2015 Learning 2007, 2008 UECZ 22, 2013¥9 #|13] 6d
Stone 7 (Bradley-Terry |&1/dR oA ojA|tt ho|7] 33 52
— 24 A8
QX 20094, 20119 Z=g <2dumofc o
Zen | QX]O} | 2009 | 5 MCTS 20120 c}Fajof OrAb] Ak oA 58| 6d
(¥+2) 43 Fgupgso= 747k 114, 200 5
. |Baudis, 27 MCTS + UCT
Pachi | pz5)| 2012 | 10.99 (Q=xA) 2d
Fuego | Muller | 2010 | (50t M%TELE)C 1d
GnuGo 2009 | 3.8 (LEAA) 5k
<IE 1> A3 "5 Al =20 d|lW
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o AlphaGo vs. 7]£9] vl5 AlY T2 I3e EYHE
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a3}
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CrazyStone, Zen, Pachi <}¢] tf=olA 2z}

B

- (4} AlphaGo vs. AlphaGo) #4F AlphaGo¢] s&©°| 7%
- EYyHE ZA3} AlphaGo + Elo Rating 2890 9] ®& HFE L. (4
o] 7% 3140)
Computer Player Version Time settings CPUs  GPUs  KGS Rank Elo
Distributed AlphaGo  See Methods 5 seconds 1202 176 - 3140
AlphaGo See Methods 5 seconds 48 8 — 2890
CrazyStone 2015 5 seconds 32 - 6d 1929
Zen 5 5 seconds 8 - 6d 1888
Pachi 10.99 A00.000 sims 16 e 2d 1298
Fuego svnl989 100,000 sims 16 - — 1148
GnuGo 38 level 10 1 - Sk 431
[O3 2] EHHE AL}
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3. Ad B &4 dagF

AFAFOE AYS FASE F2 AY EolS FHNL HH =B
AZshe AY 22 B4 duelFe A

o A~ A7, tic-tac-toe ¢ o] F ZHololr} Mol $£5 F=
Aol F2 AHEEE dagF

L

(13 3V

Player A’sturn, —
get max of next moves

Player B'stum, —»
get min of nest moves

Alpha pruned

Player &’s turn, -
get max of next moves

Player B'stum, -
get min of next moves

Temminal Siates of the Game

The statc in §FeeR is where one can determine that the states in [Jiflf can be pruned.
Note that the values of the children of the green states must be calculated before the value of
the green state itself can be determined..

(22 3] Al E2[o] B

1) https://www.clear.rice.edu/comp202/08-fall/lectures/games2/
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O A B &AM daglF9 A2 Hui Addds Azl THe

o ALl ARRE E7x ZE el o g g Ged AYS
ALlsla Ao 7 BVl

- HF=(19x19) Ko ‘%4‘4 RS } % A 2~(8x8)e] A$wt &= AT AY

- G824 gL 93 F2l 2~YHeuristic) 71, Z o]
Hol AREE X QE o] A 745 B35 Ao A= =83
o

e A Aol wobA b ofEle AR
B Qe (o 2509 7pA 9 He] 5)
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4. MCTS &agl&

L

O 234 A9 B4 wgs Zeses ABdolde Adsie A9 Ee
R

o MCTS(Monte Carlo Tree Search)= 2E Eg] =Tt & Ao R 3= o
AY AlEHIAS 53 7HE 7hsAo] Eof Rol= Wgo s s 4

S B

- AY ENE VAT W 5ol ¥ FFOE AY AFHIALS A
Pato] ARE FAsL A5HE =Y el T4 P

- O FE AYT o BT FEI Bol T & od HAo
e AU T 5 glom 53 BPmst we wEAYINE F
CEEIE)

- JbsAol B BFS WA s FA(Qolicy)el Basty = 7
oo A 28 PsAe A e FA87] A6 AAR(value) 47t
SlfeRik

o
143 oG RAgeE AT £ e 1

2 ANG 5 e MEAYL F971% FA

- HAo] Wad olft A FHIF FHACY] WE AWHoR AY
FEE BT AEE 71 ol oEste ARt Ade E4% A
do] wad AAow Wabe P Aol o AN

[ v}=o A9 MCTS ¢xg=
- HsolA AL “2de AR, RS FARE of 22 A
71 Aol 2 = Ja HA 7|H HolHAA B AlFE0] AT
o

& o] 2 &= 3le T AN AEAAY Hases BdFe A
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l
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- A PrE ks TR FABTL FAHF Ao B 5 gon A

EHoldeR E7HA 7R {Oﬂ% Alako] ofe &

rip

DA e(Selection) : B o)A A%l AAA BHZ 2LE M

@34 Expansion) : D oA g3t EgA Ao 87} Hx F=
U o] el A= sg AYAste] A
]_

)
—o
QL

@A) &9 o) A(Simulation) : @A A =2
(]

@< A sH(Backpropagation) : AAB® HZ2o] to AlEFH oA ARE uty
<IE 2> MTSCZe| 4&tAH 2IH

Repeated X times
t{ Selection —— Expansion —— Simulation F—| Backpropagation }j

The selection function is
lied el il One or more nodes
applied recursively unti arecreated
a leaf node is reached (

One simulated The result of this game is
game is played backpropagated in the tree

(22! 4] MCTS &1el&

- 7129 MCTSE AH§3 w5 Z29 A5 obnbfolF 4% A4

O 989 719 543 ALbsde] dxdo= HA0 7T 45s 9
7NHom NS F de 7ol A

o FZo] o]# ofelt]o]E FHE Ay} AlphaGoy
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5. AlphaGoe] &

[] AlphaGoe] &4

o AlphaGo7} 71&d79F 28 == 7|H9= A& Policy) A& 7Fx]|(Value) &

_/_'[:

- ZE7lE22 Eg &M (Monte Carlo Tree Search, MCTS) €18]&L2 A}
SotA R AA(EAND & 2A)I 7HR < At "8d 7IHes 48
st Aes gr1de = id

- AlphaGooll A AF&3F HelyYd 71He A =stsat 743ty
o A Y EL F(Policy Network) : A3 A4 93 Ha2ld AA4%

- A JEHIANA AHEE HH¥Y 7IHe AEFAH 4217 E(Convolution
Neural Network)©.Z 19x19 sH}I5& AHE A"Eso nis53d 2E A
o g F AY It dFE EXE 29 (13

2) Nature paper
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Policy network Value network

p,, (als) s (5)

#

s

s
[O2 5] M3 HELIL 71X HWE TS FAM
o A HESR A Sk

- A =8 < (supervised learning) : KGS Go Servere] A tj= 7| HZHE
30005k 74A] wisd AEE F=Eskq o] T oF 29008 JHE Stsgel
ol-&3tal, YA 1007t kA w53 FEHE Aldel o8 HE=

J__T-’_

57%). o7l e Agol he #E Tt AFL

e Aol deoleln B 5 919 oL 1
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« A gollE Amsge] ARE AU o g3kl A1E AYFAY ol
AP HA oA e HESL AL APEHY ol 19 AssEs &

3l AAR sEshs NET B £o7 I} SirE

*
O,w

Feletero]l AR UESLNA F2E A=IFH Zow AR 7tFA
hlgi=aa

)

o 7}x] Y EY A(Value Network) : v}52] AAZ FAE <ot

- AlphaGooll A= 712 Fx P3dS o83 71x Y EL A(value
network) 2 &

x 7|2 T2 W9 VX E= vud 1as A Ao s 13

- QlEaARe Qs eus TaE AAVEdael FAS ARRA
AT AT FHZFe BAe ANFAE E@sHE shhe] ghiscalan)
o] Yot Tz

* Aldell A o]z
0.234 +<F

o, 7k ME T eate oF

«AQYNA o1d Age] $EL lolga B ®, 74X YEA] ext o
0.234 s+

[1 MCTSOll A AV ES Z8} 7RV EQ A9 &8
o A Y ES I dA FHE A"t #AY = AF (29 6)Y

o AlEdlolde HF EdA sy JteAS Atsied 27 FAA=E
7HA M ERIZE o]-&. o] &2 MCIS &gl ol 714+

o A|E# o)A Evaluation @A oA fast rolloute]] ©]8st= A UEYIE=
Pk AAWS A E853% HAS o] &8sl mEA AL F JA=eF o

3) Nature
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=2 X | =
o o
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71E9 ks JAFAT ZEIo] ofuiFolge] =g W, AlphaGoxs
9 F A EAFE S

a Selection b Expansion c Evaluation d Backup
g _-.i,h_ 4 _-.‘L,__
? + + hd
maX\, Q+uP) . AN
N +1 ‘ o b I o T ‘ TT
e ‘*T ¢ TPT . - ?
Q+uP nax

o

| I 54 Y }/l \
"P.Ti |
gE:1 B O G

[ 6] AlphaGoe| ZHIFIEZ E2| &4
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2. wo|&d
Silver, D. et al.,, “Mastering the game of Go with Deep neural networks and tree
search,” Nature vol 529, pp. 484-489, 28 Jan 2016.

3. 7IEHa &4 5)
“Google Al algorithm masters ancient game of Go,” Nature.com, 27 Jan. 2016,
http://www.nature.com/news/google-ai-algorithm-masters-ancient-game-of-go-1.19234
“olAlE Al9] 3§ 4 vs &yt o] 3 4" chosun.com, 2016.01.28.,
http://news.chosun.com/site/data/html_dir/2016/01/28/2016012800485.html
Monte Carlo tree search, Wikipedia, https://en.wikipedia.org/wiki/Monte_Carlo_tree_search

Convolutional neural network, Wikipedia, https://en.wikipedia.org/wiki/Convolutional_neural_network

Reinforcement learning, Wikipedia, https://en.wikipedia.org/wiki/Reinforcement_learning

Elo rating system, Wikipedia, https://en.wikipedia.org/wiki/Elo_rating_system
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