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{ Executive Summary »

H5e 141 Al F 84 A7 7P Yo HE A8E BUste Aol o 9 A
AFA 52 71 & A4 T stk A=t AZADAA AAAAAE o7& &
AE G2t vrETE AHgo] AFAFTED s FAOE o4gEo gt Idd o
A= o= el /A A A ZEAT. F2o] /Eg AlphaGogte ZEI#o] &
HAAAES S0 = ugt Zojth o] FHAAAL FHoA A2HA v5& vl
HSo] =22to g HAAARoRm= AA HF F=9 v 29E o) ALE & F §)
th. o] xzETFHo] ol XA MA Hi FFY HEFE =HsH] & uete
OJAIE 9T 2= 3€o ALl tAS BAVIE Y. HA AFAFo] "ol A
S AARAANAS S 7 d=7 =3l 7] del 729 AlphaGort ¥ Z1A 4
H X A}

AFA o2 vt5E AYS T A" A7) Z3olA b & Fol st Ad
&7 vk Feirlet mRIAIE S o FUF JYEHAS wW AT oAEA] 4
A3l B 5 e AsH AY AEHCIA Zlwol sy, oo ExdE T2
AlphaGool A= H#lWdx 73hsts(Reinforcement Learning), ZE| 712 Eg €A
(Monte Carlo Tree Search) & <1&A5 Aldol&e HA 7|les A5 &3t T
=9 Adig AL LS 83t ZEIAE ol F Je FELE AvE Foe
o).

HH59] AHE B BEE 4l g s A 7bsA S Al4behe e 7 A" g5
Al F 7HAE UHA FAAY. AAds 389 71 T AEFANAYES A 851
HBA 71RE AE3Fete @Alolth. A™HFALNA L o] aEA dEd]o] A&
g AeE fFHX dEd ZlsolH, dY onAE S FHOE YFo FEAQ
EAL sty AAW DAV AoXHA o]Zlo] AFsle HAE dAste S84
7T viSoAE AMEEAZS 1A #Ho] F8st oy FEF sjEo] HwtH
A Aol Aoz ALy Wi HIAFHANAGE o] &3t AL A A
olt}. AlphaGoollA& YH o= 19x19 =719 vtE3 %o S0/l &85 19x19 &
HE3 9x9 Ad &F Fx7 Yo 139419 AA4%w-e 7435k KGS Go Server
of I 3R viE3 FEE S5t #HolxFo] I9A AAWOR dIlAs
T Aol vlustH o] AL Tuig Al4beFo] Q3 Yol Azt ojx AA A
5% F e Fol AAFoE E <k E Aol
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THA GAE AETEFS AR AYS st o)l FHOoE TMFAE 2B
dastgs A&t A GAVE 7IEE a9A JEE F AR FEY BES BEEE
gd o] dAdA = ZIEE dojAe s 2] A ] EFHeE E F U
HAAE o] GAE T3 Aeol Bol MAHAL A DA 53 A thAo
A 80%e TES EATa o FHA SAE 483 242 19x19 bis3 s
A8 gg EXolg. o] F 7kA AA%W-E A policy network)eta FE2W FH T
A+ SLA A (Supervised Learning Policy Network), &2 ©Ae] ZA3+= RLA A"

(Reinforcement Learning Policy Network)e|2lal B2t

AR fEo bts A fiEd FEE Tdiks d
network) &= <A =9} FAFSE A
W sEY OE HA2 9ol 8

=
=
Sgol= FAwe] Agety B & US ol

ZetetgolA AAL7E ALE sed JABEES . g 5 2GSt AF
AL A& 7]5o] ZastH o|AL AHA w5 AV|E & W= Z 83t AlphaGool A
= 20000 FHbe] TEEFEN AV]E 3 Y= BHIIER EF 894 WS FAY
3 Agste] L3ttt AlphaGoo EHIZISE Ed g o £2 3] 98 3 A
oA yet dort 25 59 Y-S 7z AR JHAE A o Wi AlEHelA
= S84 M =2 NEERE AYd & gsie ot o] e BE EYE ©
A2 ol® F2 AT Al o] FES AEHONAS EE £ Jod FHHI
WM AAE e A2 dEA A A2 FES AEAE ] HEAE
S A Y3ta w2 CPUS GPUE 33t A4st =3 AlEd oS AlY FTE7HA
Agste thal AGg Zo|7kA] gAsta O o] F= b4 A4S value networkd B
o @3 A Al EEHolAS 93 ARE A6ty A& ALS s FIFT
T2 A 23| o] Tesrt 58 FEd YFS vHA Gete AE AT
I gtk

o] A9 7HE & Ve AFAT Held TleEe E8EA 7E AY g4 HH Y
FAE gr1H oz NAT F e HAS Bl Aot agla O AFHRE AAEE
WHog HAo Y FERE ol AFshe] dukdelAl Ag dde FA # A
oltt. = A7 FAES AATTUH AFATE A ofelfolE AR B F e
&F AFE FHS A= Ao odty, dFAE A EA o =Aste 3
Astal AFste A7 sojvol & Ao E st
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B g KR K
ek AP 8s =7 ad Zhx gy &K
- ol T = TTT T70>
1.0 2016.2.26 2A B Aol
0.9 2016.1.28 QEIR} &4
0.8 2016.1.28 Z 0l
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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

[] AlphaGo2] A5

o AlphaGo+= KGS 71& Z= 2-0H %

.

- 712 uEAY ZEadse] 4% v

1b
o

<AlphaGof9] HW spec.>

« AEHA(NB)IS 4070] P ma=, 48
78 CPU, 87§ GPUE AtE

* A A BAZ 40719 g e
120278 CPU, 1767 GPUE A}&.

Elo Rating

- 139] Elo Rating & A|AS1 S HE

AdolA  Eeflolofg9 Ad3¥S UEU=
=
- 48 vts z238 452 GnuGo b4,

»

|
%ﬁf ‘03 % § L g g g Fuego ofoblH, Panchi ofof2t, Zen of
E9 9 £ o - s o 6%, Crazy Stone ofuf 6% 2%
=
[212 1] AlphaGo 2F 4& HiE =233 Mz H|
71ze) vk AlY 2203
_ 7hukx =X Al A
9y | AR (82| 83 SERELES A T
MCTS + Pattern 2007, 2008 UECH %2, 20134 A|13]
Grazy | Soom, 12005, 2015 Learning HAROIA olAITE oudil 4 el 6d
=9o= (Bradley-Terry ©@ A8)|&
QX 2009, 2011 A=EH <Sddote {2
Zen QX|ut (2009 5 MCTS 2012‘51 E}ﬂ]D]OF OtAF] 9F oAl 474 |6d
(A2) Hups &
N SAMCTS + UCT + = I
| Baudis 78 2011 Q17tvs. 7 FE up=]ZA(}a))o]
Pachi | priz) |2012| 11 (@B A q xFE(F2) 00 79 murs 5 |4
Muller svn MCTS + UCT 20098 ==z X2 9x9 HFEOA
Fuego | yiycy) |2010] jogg (e=ar) Zzg(53) 90 mes oy |l
MCTS(3 8y A1)
GnuGo |GNU-FSF|1989| 3.8 Bouzy's 5/21(2.68{A) 5k
(QZ2A)

<IE 1> &4 HIE Al Z=233 sl

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.
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- =5 v 2de A HdY bx
- AlphaGoe 71&9] H}% AY z2ads3e] EYHEA F 495414
% 4949 =g (& 99.8%)
- 473 AHuts AlYd e A-$ol= CrazyStone, Zen, Pachi ¢+e] ti=rolA Zt
2y TT%, 86%, 99%<] —5-2552% 2q
- (¥4} AlphaGo vs. AlphaGo) &4+ AlphaGoe] s&©°| 77%
- EYHE A¥ AlphaGo & Elo Rating 2890 ¢ H& A4S A8 (&4
o] 74-% 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 2 5 seconds 8 - 6d 1888
Pachi 10.99 400,000 sims 16 - 2d 1298
Fuego svnl989 100000 sims 16 - — 1148
GnuGo 3.8 level 10 | - Sk 431
(1% 2] EHHE Ao
S SPRI AZEgoIyMeITA | 3
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3. Ad B &4 dagF

%1 l"o;fli Ad= T8t

3t

o A=y 7], tic-tac-toe <k &o] F F |7} HAIH <

ol F2 AHEFE FNYF

* Aol & Edo
[2% 312

Player A's turn, —
get max of next moves

Player B s tum, —»
get min of nesxt moves

Player A%s turn, —
get max of next moves

PlayerB’stum, —»
get min of next moves

Terminal States of the Game

The statc in ZFeH is where one can determmine that the states in Jillf| 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..

(222 3] Al E2[o] B

2) https://www.clear.rice.edu/comp202/08-fall/lectures/games2/

Alpha pruned

AlphaGo<4l ¢I3Xls
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O 74101 Eg) B4 GueEe] AFASE Fid ANFL ASHd PHO
FolE o] BE

o AlGelA AAFRE E7kA] e gEjol e A B Dt Ade
Aelsta AdH oz Erbs

E o= oF 104070 <] L—_E7} tzﬂ (c_q: 3580 7};19] 7

o %)
- ZgAd BAS 98] Fel 2 Heuristio) 719, 2ol EE Un] $A w
A 7ol AGEAWL, o AEAE BHT AYNHE FEF =oo]
A e
SHEE AYFANE FVHOR ANFel Bobd M ofe RAE
el 9lg (o 250 7HA e Ao 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

—_

l
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- 7R vbs =1 JAAES FAERE Aow B glon A
oAz €714 7HE7] el Altte]l o=

@< H 3H(Backpropagation) : AEE A2 wTo] AEFHolH AHS ¥y
O ~ @ wH&

<E 2> MCTS<e| 4ttA 1td

Repeated X times
Simulation |—{ Backpropagation PL

The selection function is
applied recursively until
a leaf node is reached

One or more nodes

One simulated The result of this game is
are created

game is played backpropagated in the tree

¢

[O8 4P MCTS &1el&

o

- 71E9] MCTSE AH§ @ uE Z2a 4% opuhFolF 4% 4

r (|

0 9eid 7149 543 Assde Bhos FA5 ANG5re] 45

~6— A~
o T [e]
71802 MY & A+ 7HsAdel A4

o JFo] o]d ololtjelE FHI Ay} AlphaGodd

3) Sylvain Gelly, Yizao Wang, Rémi Munos, Olivier Teytaud. Modification of UCT with Patterns in
Monte-Carlo Go. [Research Report] RR-6062, INRIA. 2006
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5. AlphaGoe] &

[] AlphaGoe] &4
o AlphaGo7} 71&d79F 28 == 7|H9= A& Policy) A& 7Fx]|(Value) &

T

- ZE7lE22 Eg &M (Monte Carlo Tree Search, MCTS) €18]&L2 A}
SokA T QAT = AA) 7S At HeEd ZIHe

- AlphaGooll A AH&3F H&jd 71He A x=sts3} 743heh<s

o A& Y EL A (Policy Network) : 8% A4te A3 H2id AA4%

=

- A HEQ A AgE 98Y 7IHES
Neural Network)©.Z 19x19 sH}I5& AHE A"Eso nis53d 2E A
o

o o ¢ A9 M54 BB BEE B

o K
e
-[m
r
ol
@)
@)
=
=
o,
=
=
@)
=

* BT AAYL FHo]~Bo A&l 7]<<l DeepFaced] HE%H 7<=
o2 UiFo] BEZAQ EAL st oA

4) 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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Policy network Value network

p,. (als) e (5)

*

3 b

(22! 5] @& HE{ZL Jtx HERZS 74

o A YESA S

- A =8t (supervised learning) : KGS Go Servere] A tl=F 7] R ZHE
30008 71A wiER FEHE FEI o] F oF 20005+ ME Sherol
o]-&3&kal, WM =A 1008k 7FA] HiE# GHE APl o8& HFg=

=
=
57%). o1AL Atgo] Ba & Ft 4%= =E¥ & A

- 7}3} st (reinforcement learning) : A =38t59 A2 Fai AAYE
Aae A #ZA5 HAIZEE FTHIAT o] HAFo] WA FEE
7he HA o Adegolgta & F glS. olAs Beslr] f3 A=gE
o2 Fdd A vEL A9 Z‘Wﬂltﬁé% 3 AAHOoE FE st
Ads “7str g3 A3etEe A4S AH UEL A 1t A7)
£ Asta(self-play), o|ZHE 29 A7|AIH(EI)HE uigo=m

171 WFoE Vs UEYZY M5 ASONA). 43t F

71 vlE 22 132l Pachiel 235ty 85%2 &
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« A goe Axsel Ave AU o g3k 37 2
AP HA oA e HESL AL APEHY ol 19 AssEs &

3l AAE FEete RET 52 £O7 7tA7) S5E

mlm
)
o
ol
ol
A
d
0,
o
oy
S

« }3egol AY VYEYI FRE RS zZow AAYY 71E3
TS =

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|12 T2 7MX3FE vud e AFAger 13

- AFAALe] JAHSH 29YF 2= AYAUEY T FAS AEFA
A Ao A B Z2H= HAjo X (FANE mdHs= st Fh(scalar)
o] Y& &

* AldolA old A5 sES 10Tl
0.234 <%

[ MCTSell Al AW e =9} 7HXUEY T 28
o M YES A AR A4S A BAT = A4 (1Y 6P

o AlEg#lolde HF kioA YT Jhede Aldtsted 27 FEA=
7k MEY IS o) 4. o] e MCTS LuelEol o) Mx

o AEd o)A Evaluation @A oA fast rolloute] ©]8st= A HEYIE=
Pk AAWS A =855 HAS o]&sle] mEA AL F A=EF o
=3l = HaAd ostH o] GA A Tt HAS ol & E 7= A
AU ELQFZE o] &3 A9 FARE A5s RYva &

5) 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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o 7]&9] uiE QFAT ZE o] ofmlFo]Fo| =3kd HhH, AlphaGoe=
“

1__0
A F A AS3AAEY SadagEe A8t ZEI|AME A B4

a Selection b Expansion c Evaluation d Backup
A = e S
4
E: : t ?
maN, Q+ulP) : R i T Ry N
+o4 e +i1 4+l b4 I : & ‘ TT
T i T IR 4 T T +
T T
Q+up) Lax

P‘ |
g€z GG 3 [ I

(22 6] AlphaGo2l Z2HFIEZ Ez| EHMH
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(2} 23]
1. =953

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.

Sylvain Gelly, Yizao Wang, Rémi Munos, Olivier Teytaud. Modification of UCT with
Patterns in Monte-Carlo Go. [Research Report] RR-6062, INRIA. 2006

2. 7ZIBFRI &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] 3k 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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