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1 The mystery of Go, the ancient game that computers still can’ t win, WIRED. (2014. 05. 12)
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4) Go players react to computer defeat, Nature News. (2016. 01. 27)
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- J

13) 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.
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P A5 1@ oy AR DU AAFAe] =EHE, ATH Az
ok
o

S A A

T ] =

o MtEe Ze/bEte FHo| QUy] WMEA AFAS TEIPS ATH
ARE gkol 2 wkErIAbsE o] elsh HHABES Hel HHe £F

15) $71ur5e) A9 Aaa A4 2917
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24

[0 MCTS(Monte Calro Tree Search - ZEH|7ZIE 2 Eg &) . b= A 7%
gy Ay = AFA s dadgE

o MCTS+= HA4-HU <dagEY A

£ Aol ¥rbs @ o) E&F
]

ol

& AME oz, mE A2E GA

o [1¥ 7]&= MCTSe gwkAQl %
A A EE CE 49k 22l

i
=
Auj
=
K
S
uli
I
Hr
r o
o}
N
olr

rx
Jm
ot
ozl
>
IltI
s}
i=]
rx
]
A
=)

&)
o
)
(ol
2
jus]

=)
Hn
r <l

o
fu}
2

X
|t
ol
o

=
AP T AFollA 7 A o Fe XS o

=

©
_1 {
o
e
o
N
S
>
4
%P0,
N
N

3
N,

T oA vfEo] 2852 w7tx 29 (random)
HogZ P 1D £%7F w27 o A8 H 3 & oy
Zro] AL o)

o] AnE Fatd FAF wEo] AA@AH F BA o F5H A
5 22k Ve A

16) Chaslot, Guillaume, et al. “Monte-Carlo Tree Search: A New Framework for Game AL“ AIIDE. 2008
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o MCTSE A9 28] fAol A F 7bx a4 a7t 98 <E 5

Ezlo| Zg Fotshs A
g3 % MCTSSl & e chol &AM F2 AREHE ZHo=2, &
M AIHOM ISt B2E = = J1E 280 =2 HeE o=
Eg|o| Zo[E HEtste e
x| % JFX|= ®A C|=2AFEto| &AMS LIENH Hoz &Ato] AMatst
T+ B2 (0 22 =5)E = €27t 3

o MCTSelA 33 e
el we) FeNs

- "kok o] H A 3Hoptimize)shs WaFo = S#E(converge)dttiA, 71X
AA HH o oz FHIGT B F S (e TS 2AF7F 7H HA
stel Wekolgtd A7 88 gEo] Folx)

[1 AlphaGo2] MCTSE= © &&32¢ AAM3} 7S Fiste 5SS T2
TOE Ho=H
o ZEI|ALS] 7|HE Hg o R A 7MX|E A<t
- AE HE7IARY B RE B9
AlphaGod] 7| & B3 &

g3 B

17) o] F&o] ZEHIZIEZ AEHIHORE o|51 & tF9 WY AEHNHOZRE 53X e FALe
7. dE £, T4l 0,00]3 ¥x o] 1 ¥l HolE Fatuat sopd, -1o4 1Abe] HEE
AGetA A T HIE7F A el B0l & T3 99 HWolE ZAE F U

18) AlphaGooll A= F2+¢] W o4l fast rollout policyE Sh<ssle] 283
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o
i
>

AlphaGo<] MCTS

a Selection b Expansion c Evaluation d Backup
mal\, Q-+ ulP) . e ) N
N e W w0
e el -

Q+ulP) Lax

/
m p(jﬁl m (iﬁ) m ZB;—iF H

N N
SE I I N

[ & 8]'9 AlphaGo2l =EIZIEE E2| B4 (MCTS)

2%

» Step a. A9 (selection) : @A} vlIEHDAA EF AFL7HA 2 A9
QA vEF AdEA @+uBkel HWUE He AFES Ad. AV|A ke
MCTS?] 7HX# To2 Al oz =845 58 &0 =5 uitd
S Aol Z8 g3]y] EiA ke WS (=] HE3lgd )

« Step b. A (expansion) : &4 A2 mAg ==D)E FAANZ
GE 2 F WA gAd 439 YAl 5A AId7HA AEe] @ &2

T

¥ &7 (child node A4S 3. AlphaGoollA A& 3= 7|&S nmpx|gt
=)o E g7t 403 o)l A
« Step ¢ : 7} (evaluation) : "R ==(0)2] <4k B7}
mpA e e E(ge] B A9 S =E, LD JHAE Bre] A vt
AR == AHEEH AY FE7HA 1% AlEHC]Ad(fast rollout?))s 3.
Aledelde BHEa()H FHY oz FAT AR (v T mERE =
T 7HAE B
¥ AEHA BHEH(MT Y-S AT A ()] ¥ES 2
« Step d : 734! (backup) : HF= A 7}x)gk 74l
ANZE AZ-OAA vhAE 2= =5 LAD7HR] A2 e =22 @it Al
o FrFE 7HE Bol HES &' AR

% A7} A Be wEE AR AS A BA BA

19) 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.

20) fast rollout 7|H & W27 T5 FF5 dZFst AY FTEAIA7MA A&l
Y 7INke] ARG A== oA AjtelA oF 1500v1 4 = wE. Eof
ol 3x39 mAZR YA EHE vUF FF dF3 Uz

A s Yoz, 9o
& AAA vhEE 7

Mo
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4. AlphaGoe| A4 - &4

[1 AlphaGo¢ H# 4
o HHd LS &83le] AE vtE7|AES HES k53

S 1 1909 HAE e elNA GRS AE WEAA G
S QRATL Z1RE BRI MEAAEY WL F53

* AlphaGo 7Wt#Ql dlolHl= ¥ &= “AlphaGos 16WH/ e 7| HE 554t
of stsAo” g Bryeb
- AlphaGo= H#lYd 7IWM S 53] o|uA| A 3 AEFANEES
ZIRko = Skgalr] wiiEol wAFQl Ao e S 7HE
* HESol A A G AQl o] HAZQ] A AT v 8% qTs §
o HF=7IAY] #4E SEd AL AHYUESL Folal wAZQ] HE1A

5% siwde AxvEYIE 7

- QAT AV EY S MCTSAA A EdE g4

—_— =

£
Y
ofo
it

[] AlphaGoe] A A3} 7IAUESL A

o AA Y| E$ A(Policy Network, p) : A& AL 93 H3d AF%

- A Y EZANA AHEE HHY 7IHS AEFA 417 H(Convolution
Neural Network, CNN)©.2 19x19 #F=% Ae)S Qlgate] nEw nE
Ay =

A |
Aele] O 4 Mg A g8 2XE 29 (19 9] 322

.

'

1 1 A
2 owfa ouAE e Foz o] REH 5L 4L o)A

2D Z=27IA7F 1de] 1000 A= th=givhd, Abgro]l 10003l 2 A stgsfoFd Hlol§E AlphaGo
t @ 5w Srd A

22) 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.
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RS ZAH AR o]B wEow duHel WAE ot
Aol DR ARTH AAFL BEHE o] AW A

Policy network Value network

P, (@ls) ve (s)

E

veoe |

(28 9] 33 HESI 7tx] HEIZS T4
o X—]zﬂ L—]]E = 61-/\
- A =3}z (supervised learning, p,) : T2 HIE7IAES] < A g

* KGS Go Server Z& 6%to|A] 9&k Ato]lo] AA] ti= 1697 7] B E F-E

30002 7bA HHS % JEE FESHC] HolHE AF
« o] F o 20008 AE Serel ol dta, A 1008 JhA whEE e
g Adel ol§ (BFE 57%). olRe Aol e £ Fr AL B

* 50719l GPUE AHg3ste] g (71%F : 357, 3944 W g534A)
- Z8}8}H<(reinforcement learning, p) : 222 7378 A =dge 333

* AESge Ast2 P FAEYIE Ao A5 HEEE w63
A o] BAo] MmN YR Th= HA o Mol & 5
«olAg HYSY] Sa) Amstgor TR A vES At A
(self-play)& B3 Aorow selsie dag 73 58, oF 128
el A AL 1% WA 3 (F 1287 W)

|

x O|ZREY T3 Ar|ZAI(eward)E HIEO=Z o|7|& WSO R JIEE
U EY IS 7IsXE ZAUNA). ZAststs 39 A YEJIZE 7|&
b5 22 73991 Pachie} thZ3ste 85%9 <&24

23) Agolr AEstsel Ahe IR o gslel A1E WASAW ol AAHUA ofe] M v
937} ARHY o5 7he) AHEHE Fal AAR sHSE NES) B How AFAY} 5H

THEHE
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« 5070 ] GPUE Abg3te] sher (712 + 1)
o 7Fx] HIEY A(Value Network, v,) : B152] AAHQA FAHE et

- AlphaGooll A= 7H&|(value)E Al4rstr] 98] d8id S o] &3k 714 W E
2] A(value network) A&
* 7|E T2 JHX e vl ast A¥ Ao 9V wE

- O
o AFZANAELS &8st o A& @< 7Id =+ 3
=

- AFAALE] dESH 249F FERE AU ES
AR AT S8 F2 AAY 7HX(FANE Fd3t= st Fh(scalar)
=

- EX AY AeolA e +E(outcome)S FH

* 43tekgol AAAoNA HAE 3HT Y uEHYHERE JHA WE

« AQelA o4 A% $ES lolgtn 2w, 74X YEAZY o of
0.234 5% (B3ht5e AANAZ 958 WP TS ABltesHT 23D
* 5071 ¢l GPUE Ah&-3ste &

St
AlphaGo®] AEFALH
AR e

e A

-

X
=

-2

_o]

Fol 1 tgto 2 AEFHAAY S
- ol A A gl(Image processing) Hofolx o] ABZHAL FE(AHD)S AH
stal, o] AEFA HEE A& oA E Ayt EAS F=38 @
- H}?"ﬂ/ﬂ e—r*ﬁl *”Ei«l onl= =424, A9 =9 ERFS F=

24) MCTS &4 a3 8]EFS FH LA & ©e3d] dA) d3olA o2 s 433 F3 vEH=
vt o 2 Pachie} thZ2g
25) AA 7|RE FT AS uks Z|AMEC]l T F7F ul HAd @ Folr] Eo A A4V T4
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-~ =4 asdue 19x199] o] diste] 48714 54 S %
02 F 2R A4S 5

o Z} Z}y 487}A] 54 wi(feature map) 19x19¢] o]xl FH=E T4
o AeFA ARFRe vAe= BH VA #%
- AR T2
o UES - 54 el i 487HA 54 9
o 24T 3N HEeFA =
o AT F THed U o FE X (1919, BF WEH D)
A ol Aol 4t (=22}, 7HA HESH )
- AEFA S AAT=E

E25F4 8+ kIE AlphaGoell A& k=128, 192, 256, 3849
E 74 =& 2 5= 192

N

]
<=9
19x19E 23x23°0.2 3%¥ (stride= D [29 10] =
o T WAREH 1244 &49Fe AEFA HHE X3 AVE
zero-padding, stride= 1)
o 13 A 24952 Ixl AE

i
Res
(i
,
ot
)
f
—
O
<
—
©

o FIAVESY Z A=) fully-connected® 256x-=9o oY=

=

[

A% 2F o

o
AEFAH "HEE 5x5 A7|2 £ k7. zero-padding .=

& Ji7F 139A S 2

o
2 Zyg. nxeo 2 tangent hyperbolic B34S v ~ze) 3k 4=
Output Layer

Probability distributions
for all legal next moves

Feature maps Feature maps Feature maps Feature maps l

Input Layer

Policy N

1
Raw Go Status (Softmax)

] = 20 - 120 T

5x5

k7

convolution convolution

1x1

h
30 256
convolution

Feature selection

R

\ ) (Tanh)
T

13 Convolutional Layers

Fully connected layer
(Rectifier unit)

48@19x19 192@19x19 192@19x19 1@19x19
Value Network

Output Layer

Value of the game state
(one scalar value)

[28 10] AlphaGoe HAHEFM AMEY = (HY, JIx] HEL )

O
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[] AlphaGoe] A4 5 &4
o AlphaGoe Hado= F3d B 7 E

EQAE &8sl MCIS &4

i
* A2 AFA s T2 IR

- wpEAe] A

J
=2 v

o AlphaGo®] MCTS &

, Xc-}iﬂ
MESIZO e ABSE 4y
- 13%9] AB2A AAF e AEss] AsiAE oF 3009 Wel
AH~(30 GFLOP)7} H 83}

- o3

o]#+& AlphaGog ®HA 2 &
Z13g 5

T = H]s7]4Al(asynchronous) S &

o AlphaGo¥] th=r& 438 EH Alzto] @o] FojdrE 3t ARE XY
- BZo] 2] thANA 297 3027 FojR H]-F2A(informal) 7 7] &
AlphaGo7} 3:22 $-Alstg oy, F2(formaDt) Ao A= 5:00.2 <
- olMlE 9EH AL 2AIZE AR 60% %7 33|7F FoAE

2, #Foloe AR T+= O U2 7gs B F &2
* Ol 7482 3 DeepMinde} §=7] o] Heksh
- AlphaGo®] AlZHEHl= F2 FHbxlo)] o] Fo]3)28)

26) “HlEe 9%, Ao 977 | FZFEol (2000.01.06.)

27) ‘olAlE=-¢3’ A9 EHﬁHPZlOH FES A 1171A], 248 = (2016.2.23.)
28) 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.
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5. 28 3 AAHA

(] 7Zo] AlphaGogts HIEZZ AL E3) 12X

2ol
2 RejFE 4Z A

ofr

HeEd 7=

ox,
ofr

o S ASe] FUb S WA Baste] AFAS Bope & =AIA AL
o]

U, oS AVIE & ovlek ARE AE

[] AlphaGo¢] A& Elo Ratinge. & Hto 314002 KGS7|Fo.2 HA| i
2% ~ 5% HEe] 40 o}

rlo

|k
e

o /& g i TRIYPETe] Ar)olN 9.8%2) FES B

0o

|

EZH7IEZ EF 2AMCTS) =22
g 43
o AA wniE7IALY] ZFHE S5 AW ESY A(Policy Network)el =22 <l

el o g7 2t 93 XY E ¢ A(Value Network) = 73

o LZHUE Y|ALSe AS5ATL F&sl= X =38F<%(Supervised learning)
&9 AL Aslst= A3bstg(Reinforcement

o FZE AlphaGo® 3% @ AAAZIY] AT HEF AL DAY HEY
A9 BAL BFT U
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