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BEE  LinUCB I3BIICE D B THN TV BEHARY VDS Z DR O M OHEE 12H T 5% contextual
multi-armed bandit problem ® 7 )V T ALk L TEZE SNz, LinUCB ZBIFEE ¥ 7 4V O RIERDIE
BT L ENTWD UCT IV 5T 5 UCBL &[E L < regret Of/MEZ HIgE LT 5, LinUCB
% E T HNVAKIFERANSH L2 LinUCT EIHEN A7V T XD NLTARICBIT AHRESHAE S, —
EDOWEEHIFTVAH. LinUCB TIIIFHANZ V2 S HI~NOEIRE 4T ) BICLEE L B/8TF A =5 D
B, FEHAZ PVORILO T BT AR UE L R 505, SRR EL7-201ICIERES
RICEFFORHAEMEZLE L T HHENE V. BIFFE T, MEEMYRETEZ Hv/2 LinUCB Th %
fLinUCB-GD D€ ¥ 7 # VO KRERE~OICHOH A EZHIET 5. GFligEE L LT, BEAFO AT AL
HIZBWT UCT & OMREE 21T o 72, IETFANOPHROM S R BRISHAMICEE 22RO 5Nk
Mo 72y, FATEEOMTIZMFE & B ) DR & % -7z,

-7 — KT HNVOREL, multi-armed bandit, contextual bandit, HEMEAE
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Abstract: In this paper, we tackle the problem of time complexity of LinUCT algorithm by using a fast
stochastic gradient descent method. LinUCT is a variant of Monte Carlo tree search which employs Lin-
UCB for its selection policy and LinUCB is an algorithm for contextual bandit problem where the expected
reward of each arm depends on its feature vector. LinUCB computes ridge regression after each trial to
improve its prediction formula. Therefore LinUCT has the same time complexity for each node selection.
This time complexity becomes problematic when it uses high-dimensional feature vectors. To mitigate the
time complexity problem, we propose a new variant of LinUCT, called fLinUCT-GD whose selection policy
is fLinUCB-GD which enjoys the linear time complexity. fLinUCB-GD is an algorithm for contextual bandit
problem as with LinUCB; however, it computes the prediction formula by means of a stochastic gradient
method instead of ridge regression. We evaluated the effectiveness of fLinUCT-GD in artificial trees and the
game of Go, particularly its running speed compared to the vanilla LinUCT and UCT algorithms. We could
not find the significant differences between UCT and fLinUCT in terms of speed of convergence to optimal
moves nor winning rates. Nevertheless, the running speed of fLinUCT-GD achieves to the same degree of
UCT; therefore we could expect the promising potential of the algorithm.
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7z [1]. BIAEE multi-armed bandit problem @ 7 )L 1) X
LTHDH UCBL RZFOEM % 5 UCT 25E ¥ 7HL0
AEROTEHTHAH. UCT 3BT ~OYUHRMEAEE &
nNTBY, Whinwr—saTHHN TV,

—F, EEO=Z2—F Vv NI =7 OFFHEIZE b %
v, FERICBWTREZ AT, PUEEPRTHEEREL L)L
T 5 &9 e ERE & B B D ER S ) L7z & v ) iy
DTS, ZOMDF — 212BWT L JRHOE# % HW»
B AE OB VEEHMRE B OER S T TB Y, it ) £
CHWAZEIZED Iy Ya—y T LA YOMRER R &
$LHLZENTES.

¥ 72 UCT "HWVT\w5b UCBL IZ% Wi/ N> 74 v M
HOBRHZET NI ALELTHLNTWED, LNy
T4 MEEICNIN 2 E#RE L TEREFNOREIC context
EMHEN LR T M VA 2T 51T\ %, contextual
bandit problem & V29 FEIMFE SN TEY, FE~7 b
VE)FLHMAT A LI12X 5 TUCBL UL EDtRe % 5HE
Lz W) EDIFAET B, 2T LinUCB L IHEN 5
TNT) ALIEE K OFRTHHENTBY, 7¥— AKH
BICBWTCHHAHET VI AL EEZLND.

LinUCB &1Z Li 512 & o TIRE S 172, contextual multi-
armed bandit problem |28\ T UCB1 ML EOMEEZ /R L 72
TIVITY) XALTH5S [2]. Contextual multi-armed bandit
problem & I H BTN 7 PUHBEI ) BTHENRTEY,
Z DYFEEA T NV SN O BIFEE 12 52288 T 4 multi-armed
bandit problem T& 4. LinUCB (37 — A IZB W TAES:
BT — L THLIREICBVTEH STV L6 [3] 53
LI, EHE S I1E UCT @ selection-policy 2B T UCB1
ORD YIS LinUCT &IN5 Tk iR L 72 [4].

L LHHENZ 27— L1012 LinUCT 2@ M 5 B2 135
BEPMEE 5. F— A IIBIT MR 7 M VIZAHE
ZOYDTHEIPSHATDORITLEITHAS. Lo L LinUCB
DFHEIIIFFRAN Y PVORTO DGR ES LI L %
B, Lo Tl R IFZem 235 L &9 & L72BIChes
7 MIVORITEHEE R G e W oESE LS. F2T
ARWFZE TR AR T % Fv 72 fLinUCB-GD [5] %
V% LinUCT IZIGA L, FEEN7 MV ORITTHET-RIG
FCMAL CHHREMLIB CHERET LI ENTELT
e N

AWFZECTIRIRE T % fLinUCB-GD % JH 272 LinUCT O
HEREICOWT, REORFHANY PV EZEIZANIZAT
KRECEMZIT) . TREEDTS—2 8 LT, BHIERDH
FENEDAREBD 1 O THLHEIIBTHFLELLT
J. BT — A ROERFFEL LTEY T IV ARE
BHRTFHRTH Y, FCUCT oFHUER IR EhTw
% (1], [6], [7], [8]. UCT & otfelticz sk,
REOEHZ V7% > 7 7V B REROAH % Wk
T 5.
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2. BEEMZE

2.1 Er7FHIOKRESR

ANV RBERIFHEMEE T ALY I 2
L= a3 VTP ARBRFETH L. 77— LARBERIZBV
T, T ARED»S T v ¥ LA TEFE2ITVY — L
F T, BlE D LICRE R EFET 5. BARIIELIT
DFMEZ Y KT .

(1) #I MBEASEREE THERL TV, Fhth
D/ — FIZBWTIE®H % EIRIEME (selection policy)
Lo TRICEDREAIET 5.

(2) BB . ERHEAEMT 2L L TV EREE, X
DFHEPERAIINZ 5N 5.

(3) ¥YIab—vary  ERFEDL&mEEE THETL,
FEA (AIRICIIBN) 283 2. RHEET s
2T V& LT DT %L, FFE DMEHRGAIHE D
TETE MRS LA D I EATREIN TV [7], [9].

(OfEfE v 3ab—Ya vz > TEZEMIC
%

5.2 b 7-HEREEZIC, FBREO RO bikd
BVWbDEROEFLLTHRHATS. RIEORIDHHEL
L TN OB ARD S D% HA &\ ) FEHEHT IR HY
ThY), AT OEEZRTT 5.

2.2 UCT

UCT (UCB applied to Trees) [10] (ZE > 7 # )V HA#HE
FHED1>THY, UCB (Upper Confidence Bound) [11]
LW FER E VT VO ARBEZ D selection policy & L7z
TNHIY)YZALTHAS. UCBDHH UCBL &\ FEHEAYL
CHebBRTWA. tHIHORATIZB T AR o ® UCB1
B ToXTH526N15
2InT(a)

t

T X, 3R a OB, T(a) ($RHE a %7205
THb. UCT IAEEE 2§ 2 L I12, minimax 3R
DFGERIZED LW HEDD S [10].

UCB1(t,a) = X, +

2.3 LinUCB

LinUCB [2], [12] {& contextual bandit problem O 7 )L T
)AL THA. Contextual bandit problem Tl, kil
RN PV A 6N TBEY, ZORMAZ DOl & #IR
L7-BE oMM OHEE \CHEHTH B, SCHK [2], [12] TlEio
FRA7 MV EBORMOMFFEIRIETH L. D)k
BT DR a OWMOIFHEL, Bl a OFFHANZ NV
X0 E W TITORA,

*

E[rt,a|xt7ll] = Xza a

WHED) L VI RER LTWA, 05 3RHONZ M LT, 7
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Algorithm 1 LinUCB
Inputs: a € Ry
fort=1,2,3,... do

for all a € A; do
if a is new then

> A; is a set of available arms at t

A, —Tivg > d dimensional identity matrix
by — O0gx1 > d dimensional zero vector
éa — A;lba

Pa — x;réa + ay/xIAglxa

a; < arg max p, with ties broken arbitrarily
ac A,
Observe a real-valued payoff r;

-
A, — A, + Xa,Xq,
baL — baL + TtXa,

VT XALGHEET 2 2 LT E R Uk (2], [12], [13]
TIEZNZNBOFEY A7 PVIEEEIIETE T 5 L oK
EEBNTND.,

COREDD &, LinUCB & ¢t BIHOFRIFICBWT 0 %
e L, WHEOHEMOFHIXHO FinTdH 5 LT O,

LinUCB(t, a) = x/ .0, + a\/x/ ,Ad'%s 4 (1)

wEHfifE & LCRHE L, SEMMED SRR DRI Z KIZF[ < &
FTNITYALTHD. 2T 0, 13 a DREKENZ PV
OHEEM, o BEBRTH L. A, 13 a 2B BHEED
BALSEATI AR L TBY, Ay =3, XeaX/, TEHRSN
A, DF0, Bia ZaER L ZBSICE L 2202 M VE
B CHEMEE 5 bODME RS, LinUCB O 7 VT
A % Algorithm 1 127”7,

NI TORITORED SHEE L7z 0 % 720
DHEEME L, ZDRDOERDOHRMOIFHE L DA ITEK o
EFROCHHET 2 2 &2 TE, a=+/In(2/0)/2 L Lk
EfEFE 1 -6 T

|X;|’—aéa — x;—a92| < ay/ XIaAaXt,a, (2)

DAEFERZ W23 [14].

LinUCB 3= 2 — ZZFHOHEICB W TEHENTD 5 L
RENTEY 2], Y= 2IZBVTHHEICBWVT LinUCB
EEYTFAMDA - VI al—Y 3y e A G bR AT
FENHAET 5 [3].

2.4 fLinUCB-GD

HIE TN 7 MVIERERTIC X > T&ILL, #heh
DREIZHR L TENEND 05 AT D LAGE L7245, Lh
BEDETIAFEAN 2 MVIZEERIC L 53T, $XTO
BEOMM A —D 6" TRHAINDL LIET 5.

LinUCB TIZEANRY kL @ OED 72512 A D475
DEFPLEE 2%, d RN PVORTHE LY
4, B &I Sherman-Morrison DA E v T O(d?) [15]
ERY, RIEBHFREVEEIZIZE  ORMERH 2L E &
%5,
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it 5 C, LinUCB 281} % ridge )7 % #ESE A A Bk T
1 (stochastic gradient decent, SGD) TA79 Z & TE#fl
Z i L7z fLinUCB-GD &\ 9 FEARES TV S [5].
fLinUCB-GD T3  # ¥l § B2 fRLS-GD (fast Reg-
ularised online Least Squares - Gradient Descent) % Jfj\»
%. fRLS-GD TlET7—4% 7= VOHNs 7 ¥ L1212
Ty ERY, TOT—YEHVTERNY PVEEHT
B, W) FEEREY R L TRYIGOEMEE LT .

fLinUCB-GD T, MR ¢ 128w Tzl
L7y b v, Sodldd o fkes {(xO,yM), ..
(xED yEDON Dt T F A1 DFIRL, UTOH
FRICL->THED 0 OFWEEHT S .

0, =0,_1 +v((y" -0 xE))x0) —x\0,_1). (3)

I THBAN s BV x00, HEH yO) 1ZS R F TICEIIL
7oA G DN S T 2 ¥ LIEIR L 72 1 D O3l &
FKLT0D (i ~U{L,...,t =1}, U{a,...,b} 1T a2 5D
FTOURE LD D) DHERH—GA) . v FFEFE LI
NBHNTA=4T, BHLKGITEOREFELZTTOL
DL, tBERRKDOEE Y =00, Y77 <00 &%
5 &) EINRET A, M 13 ridge BYF I2BT A5
HOHmELEL, N BREVIFEEARNY FLVOEFED(
(IR

Ao (yU0) — 0] xU))x0) pLENz ML ERY, &
KN MR ZDFNEDT A, FRICIEAALIETS %
MO FMADZEICE > TREE RV TWS, 2D
RERET AL > TEANY ML OHINTETOH
Br—b %X VHWTEL L) 2L R 5.

X (1) OF 2HIZ S WATHIOFEPLE L 250, A7 %,
LUTOL) % ¢ THUTAHZ LT, FITHOFHRZ T
2 LinUCBHDEIHEZATH) T LM TE 5 !

¢t,a = ¢t—1,a + Tt (Xa/t - (¢;rfl,ax(it))x(it)) (4)

1
XIaA_lxt,a ~ 7V X;l,—a¢’t,a (5)

B, W2 TIHAZ Y x/x EEZELTVDOIC
L, SCHE[15) TR A = 7130 x]x; EEFRL TV A,
F07z0, TEL[B) EREAT— Ve D0l R TR
G ST EFELTND.

X (3) &R (4) T HWCTENZNORIO LinUCB fi % it
WL, FROBEZER L CHM 2 B3 5. 2 OBOR
N7 MV E OGRS % 77— & T— VR L, RELL
BeOEPEIHETHV A, ShboR0FHERIZ Od) T
b7z, WATHIOFRE % E L 5% O ridge HF £ Y
bEHIAT) AT RTH B,

N ETHM L7 fLinUCB-GD O 7V T1) X L% Algo-
rithm 2 12”9, k BEHCTH 5.
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Algorithm 2 fLinUCB-GD

Algorithm 3 fLinUCT-GDpp 1N

Initialization: Set 6 arbitrarily, and set
fort=1,2,...do
approximate 6; using (3)
for a € A do
Estimate confidence parameter ¢, , using (4)

Pa — Xzet + %\/ XId)t,a

a; < arg max p, with ties broken arbitrarily
acA
Observe a real-valued payoff r;

2.5 LinUCT

E VT A IVEKERED selection policy & 2L F THEA 7
TNT) XALHPHRESNTBY, TIVT) XLDENILD
PEREIZZE L 4. LinUCT 1 selection policy |2 LinUCB
ERALEYTANVOARERETH), hETHEuR
FER 7 VA & O P-game 2 L 72 A TR CHEREDTHHA
SRhTWS (4], [16).

LinUCB (34~ 27 P E 0Ly 714 v MHET
& 4 contextual bandit problem (28T UCB1 2z 5%
PREASIE L7z L V) i 2] 25 1), B2 M L&A
M52 ETEYTANVBRERICIBIT 2 FBIROMREL &
DLIENTELEWYHFETES.

TLEEHT — 212813 5 LinUCT Tl )%ﬁ@ﬁﬁ
N?ka%@%ﬁ@ﬁ%iﬁ%,)?«fwﬁﬁ~
LHMMOMFHEIL 1 DOREANRT PV LEHRTE S, a
WIAREE BT WD, FmsEmsr — 4 ClIERmoO
BT PV L 20720, x40 =%, £T 5.

SCHk [4] 123817 % LinUCT TiE 1O 7L A 7 T
BEANZ P VOREE LA T 7 b8 - 725 T O
FTRTTIToTWAD, 207D, (1) ICBIT A5 2HSF
VBTN EWEE R BDT, UTORICEEL TV

T STA .. (0)

22T Tapdate 13 0 ZFH LA THY, ChETOS
LA T P TlEs72REDHBAIE L. KRTd L&t
BEERAL, 2 (6) A V2

T 7o, HEEHI %“Ltﬁ&mﬁbw%@iw%ﬁfﬂ
M¥aZ L&D, X)EMRFMzZIT) 2L TSR L
BIfFCE 205, AMTRERZLIT—oFEEITH) L
TRES .

LinUCB'(a) = x, 6 +

3. fLinUCT-GD

SCHK [4] Tl LinUCT OREC
FIFHOWMMOMEEE > TV D LI ATKRIZBW
TIZUCT z h s gz sl L7z G LTwb. 20
7D, EEOTF—LIZBVTLZED L) RIFHA~R7 MV E

9 L HKEITENE LinUCT 258 Td 5 & v ) HIFEADS

b5,
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Initialization: Set 8 arbitrarily
fort=1,2,...,7 do
approximate 0; using (3)
i+ 0
path[i] < root node
while pathl[i] is not leaf nor terminal node do
for a in all children of path[i] do
Estimate confidence parameter ¢, using (4)
N
path[i + 1] < arg maxp; q
t—i+1 ‘
if path[i] should be expanded then
Expand pathli]
Simulate rest of the game from pathl[i]

and observe the reward r;
Store the reward r; and the feature vectors in path

2V, RN PVt

L# L LinUCT Tl LinUCB TU%E 7% 0 D HEHFTORIZ
O(d?) DEMERDLEL b, 77— MBI YA b
N ORTERKIRE L b OTETT [17] 758G T AT [18] 2
EDERTH Y, KE LM ZFH 2 2 & dRRo

9 BB PVEBRFTABICHEETHLLEEZD
ns.
#Z T LinUCT I28F % 0 OFHE % fLinUCB-GD % H

WTAT ) fLinUCT-GD IZ2oWTAR TG L, FHEE%
IR U TR RICHEEE DX 7 b L & B9 22 kg ] Tl
2B L) BLFEIIONVTELET L

SCHE [4], [16] 12 BWTEH S 13 LinUCB 220 F T
L7z LinUCTpramn, LinUCB & UCBI & OHl&ETH S
LinUCTRavE % EFRELTB Y, AF Tl fLinUCB-GD
% 372 LinUCTppamN, LinUCTRavE 2 W CEHET 4.

3.1 fLinUCT-GDpraIn

fLinUCT-GDprain 1EF ¥ 7 7V 0 KREEE D selection
policy |2 fLinUCB-GD # 2D F F@WMH L/z7 )V T1) X 4
T 5. fLinUCT-GDppaiy NP7 VI X L% Algorithm 3
2R

LinUCB # fiv» % LinUCTppaNy 2AEROFIHEAN 1 7
LA T MOPEEMBIESEE 1 & LzE 12 0(Thd?)
THhbHO L LT, fLinUCT-GDpram (& O(Thd) TFT
)T ENIRETH B .

3.2 fLinUCT-GDgravg

ik [4] TiE LinUCTppay &£ D dBENA-TH:L LT,
LinUCTRrave ZIEL TW5h. P-game ZLiE L7
FND ) — FPEBHAXRT7 "V ERFEOSDNLARIZBWT
LinUCTppamv FIELSHEERPOREF 2R OIT5 2
ETERVEW) ZEPHEEN TS, THid Lin-
UCB 721 CIEEEAF O LERD /7 — FEJUZBWTTH
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D)= FDEREEETAHZENTELWVW D THDLEH
ZAbhb.

LinUCTgravg & LinUCB & UCB1 % #lA &b 725
filifii % € > 7 # v B AKIER D selection policy (27 5 [4].
LinUCTrave Tld RAVE [6] THV 5%, AMAF b 2 —
VAT 47 ATEE L72FHE &L ERED Y I 2L - a v
AR TR L 723FMiE & OFIASEHME & 72 2 2 & 2 BE 1,
LinUCB & UCB1 & @fl1% selection policy DZE#E & LT
Aws, BARRIZIE, LinUCTRavE (2B W T, selection
policy DEMEMEZ L FONTED 5.

LinUCBgravi(t,a) = 8(t,a) LinUCB(t, a)
+ (1= p(t,a)) UCB1(t, a)

Z 2T BE LinUCB TPl L7252 & UCBL H3% 4 %R
DYIab—2aryTHRBLEBEOELLEERT 50
FPETHNT A= THY,

k

B(t,a) = 3T(a) + &

THET D, kITERTH 5.

LinUCTRavE (231} 5 LinUCB D14 % fLinUCB-
GD T47 9 b D P fLinUCT-GDrave CTH 0, J& il LL
Sk 7V T1) X 1% Algorithm 3 & [FEETH 5.

4. EERIRIE

EEBIIR 1 OBE TIro 72,
Boost.uBLAS *' % W CEEE 47 - 7.

5. AIKRICH T BMEEE

5.1 AIAKRDHE

REETIIICHE [4) TRESN TS, BHEEHZE) &
I TIVT Y A LOWRE R T 5 720D NLAKIZDWT
WMFHT 5. CONLKRTIX, ZRENOHNE — FHd Kk
TCOREMAN 7 PVERFELTBY, KOTRTOEREIC
DWTZFDOHMOMFEIZH B 1 DOBENRZ v 6* &
ZORHNRT PV EONETEE SN, ZOHIFHEICHES

M AC R 55 1

®1OERRHR

Table 1 Hardware and software in experiments.

OS Debian 3.16.0-4-amd64
cPU Intel® Xeon™ E5645@2.40 GHz (5 #)
Intel® Core™ i7-4790K@4.00 GHz (6 #)

J) 16GB (6 &)

48GB (5 )
a8 F g++ 4.9.2
g++ AT ar -03 -DNDEBUG -march=native
Boost 1.55

*1 http://www.boost.org/doc/libs/1_55_0/libs /numeric/
ublas/doc/index.htm
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Bernoulli #8712 & o T/ M OB A TE T 5. Frl
N7 MVIIROTREF LTI ¥ &L iRy bV EE
VBT, FNUHNOREIIBOREM AN ML EGEHECH,
BB —EDMER p THEANRY PVOEZEPIET 5D L
T5.

CONTARIIMOFRFHEIZE D 2L TAAEHAKE I H N
Tw < £\ 9 incremental random tree (P-game) [10], [19]
W7 R A R

F 72RO HE ORI M VIEZED PV OFElifiE &
BB L TH 57, KNERTHEER LIZHRPL T LOAHT
HBHEIIRS 720, LinUCT ICHEHIAR ZREE VW)
DIF TR\,

FoZOANTARIZBWTIE, A7 MVIZFHEICHE D
LTHN, BFITHIDT 525057 PVIZIER I O HN
WCHEL WS, AMAF b a—1) A5 47 A%Hn5
RAVE AT WwWEEZ NS,

PIBERD G LRI EH O LOEDMETHE SN
TWhET 5,

5.2 BERCETRE

FF ORI % fRE R L FATHE D 2 DOMH A 54T -
7o, BRIt ICBWTERZF b o728 L2 E IR ITN
LAETFIZOWT, ZNDPREFLELRDL I LEZRE L ER
T4, Bt 128U 28IV O OFETER O
TEHT L. £7 VT XL0EKIIHEOHE 4 LREMKET
HDHH, EYTHNOKRERICBITAEBOBMEIZL &L
TW5b.

AE (GHEEL RS 25 (4,4), (8,4), FF#~N7 ML ok
JCAS8, 32, 128 TH 5 £ ) RMAED 6 FiFHOAE 100 A
T o L7z, SRS 1 oK LTI ERT VT
AL EFFLTTRTOKRIZOWTER xR L 5720 DTH
B, JREOEMNRY FVOERERpIZ01 L. &2,
£ 312t =10000FFETORKT IV T) X LDEEHE IR
9. X1, B 21£10,000 LA 77 hTLEDIZhNoTz
RO TH 5.

PRERIZOWTIE, ERETo BBV Enb
EOTNT) ALBFEINEDN DD LIF VWS, 1E
MeLTHL L) ZHREERBIET L2 W00, T/

K2 FETNVTYALD t = 10,000 B TORRER (GHE 4 B
X4, () PINE 95%E X M OIR)
Table 2 Failure rates with 95% confidence intervals of each al-

gorithm at ¢ = 10,000 (branching factor 4, depth 4).

BN s b VDRI 8 32 128
LinUCTprAIN 24% (8.4%) 30% (9.0%) 16% (7.2%)
LinUCTRAvE 11% (6.1%) 25% (8.5%) 16% (7.2%)
fLinUCT-GDprain  28% (8.8%) 25% (8.5%) 18% (7.5%)
( ( ) )
( ( ) )

fLinUCT-GDrave 13% (6.6%) 15% (7.0%) 12% (6.4%
ucCT 16% (7.1%) 12% (6.4%) 13% (6.5%
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K3 ZHTNIT)ZXLD t = 10,000 B i TOER (5B 8 i

S 4, () N 95%EEXHOIE)
Table 3 Failure rates with 95% confidence intervals of each al-
gorithm at ¢ = 10,000 (branching factor 8, depth 4).

B2 DV ORIC 8 32 128
LinUCTpraAmN 41% (9.6%) 34% (9.2%) 24% (8.4%)
LinUCTRrAvE 37% (9.3%) 34% (9.3%) 21% (8.0%)
fLinUCT-GDprain =~ 38% (9.5%) 30% (9.0%) 24% (8.4%)
fLinUCT-GDgrave  24% (8.4%) 24% (8.3%) 22% (8.1%)
UcCT 32% (9.1%) 29% (8.9%) 25% (8.5%)
10° :
LinUCT-PLAIN

= LinUCT-RAVE

= fLinUCT-GD-PLAIN

— 1041 fLINUCT-GD-RAVE |

v ucT

£

-+t

o

8_ 103 | |

()]

o

2
10 8 32 128

Dimension of feature vectors
1 3B 4, RE 4 DRIZBIT BFRNT DV ORIC & FATRE
Fig. 1 Dimension of feature vectors vs. elapsed time of each

algorithm (branching factor 4, depth 4).

10° :
LinUCT-PLAIN

- LinUCT-RAVE
c fLINUCT-GD-PLAIN
— 4| fLINUCT-GD-RAVE |

10
OEJ ucT
=
D
o 10°} E
[7)]
o
[

102

32

8 128
Dimension of feature vectors

2 GEELS, WE 4 ORICBUBHHEIANY PV ORI & FATHER
Fig. 2 Dimension of feature vectors vs. elapsed time of each

algorithm (branching factor 8, depth 4).

LinUCT, fLinUCT-GD & %12 PLAIN X ) 4 RAVE ®(3
) DERE R WEMIZH B, F A MV ORICTH:
RSB B DL, RICI L > TNE SN DL EZOHD R
D, FHEEO S REENETHEEEZ NS, FEiT
B 258, LVLBVEMTHLIZO22DET
fLinUCT-GD 7% LinUCT & [ E O REZEZ ST 2 & 2%
MY, FHERMOmTHMTHL Z L2059 PR 5.

6. BEEICHTSHMHEE

fLinUCT-GD #° UCT LI L TED L) ML 2 %
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K4 FEBRIIBILNRNTA—F

Table 4 Configurations in experiments.

INT A= % fill MR 27T XL
Ve o057 19 fLinUCT-GD
At = [5] fLinUCT-GD
@ 0.6 [5] fLinUCT-GD
K 1.0 fLinUCT-GD
k 1,000 fLinUCT-GDgravE
JE A D B 10 MCTS

MERET D720, WEFEREIT- 72, ABEOFERIT TN
TORETITo 7.

T AR THW 25580 kot B 2,000 RICREE & L
72728, b &b &£ LinUCB % 5% LinUCTppaln,
LinUCTrave TIRBIEWREFH THRREDHE T L v, Lo
TARTIEIN S 3 b 2.

6.1 =i

3L 72 UCT, fLinUCT-GDpran, fLinUCT-GDgrave
E, BEOMET T ST A TOFMRIIEDT %729 pro-
gressive widening [20] & ¥¢f#iz W72 7L A 77 h oAy
#IR [7) # T\ b, Progressive widening & 7L A 7
7 bR OATENREIRFESR 7(s,a) THWAHHEERTT —F
V= ADET T 7T L Libego “?AMEH L TWw5 3 x 3
DHEDORENY —> b, 8EBEHOT &) OfEH (s
DN F721E > 1) OFAEMEHLE. TLA 77 b
DOITEEIERIL softmax HFETHREL TV 5.

ETNT)ZLDINGA=F|IZONTIIRADEBY &%
L7z,

6.2

FAEZ BV TIIBITIFZE I B W TR A4 RIFAS VW S
T&7: (Uk(21], 22) &2 &). LoaLEhboizLA LR
RO TIE R CETORETH Y, B MFHEL T
M7 PVOBPEEGTERSND L) LinUCB OREIS
FbhhwekEzZ N5, ZZ THENIEAFAOIFETREN
TWA X)) REF R TIE R, BEsZFo T IR
T5 5D RN PVORGTEITo 72, BARIIZELT
DEBHNTH .

o SIEDHDHMAYE (81 x 8 x 3 =1,944 KIC)

o EX (1X70)

SITEED A DA &1L, SIEEEDHIEZNENIIDONT
HULOf & e /Rt /72210 LId@gNo 3 ey 500
TEREHD, 9 BIRICB W TIE 8 IFE x 81 & x 3 FHOAFT
1,944 RICOFHH Z FFORHHANR 7 bV TH S, FlE LT, X3
2B 2 8EEOHDOMETEEKT Ry ML, £LEOHD
BIEZ (0,0,1]1,0,0]0,0,0|1,0,0]0, 1,00, 1,00, 0,00, 0,0)

*2 https://github.com/lukaszlew/libego (accessed 2016-02-19)
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L@

3 AN PO LR &M, BE, 20 LR
o 3 DIK Yy bxFIinT 5. ZoBITIE (0,0,1]1,0,0]
0,0,0|1,0,0|0,1,00,1,0[0,0,0[0,0,0) 2452 b L DE
R MV S, OBIETIZINAT 9 x 9 =81 T 5

Fig. 3 Example of feature vector: every 3 bits correspond to

same color as the center, different color, and empty/out-
side. The feature vector for this position is (0,0, 1|1, 0,
0l0,0,0l1,0,0|0,1,0]0,1,0]0,0,0|0,0,0).

x£5 [{—7LA7Y M TFTO UCT 123§ %
fLinUCT-GDpparn O
Table 5 Win rates of fLinUCT-GDppan against UCT with

equal number of playouts.

TLATY M R EEXKE kb
1,000 0.268  £0.045 100
2,000 0.258  £0.044 100
4,000 0.371  40.049 100
8,000 0.433  £0.050 100

(|| pEA 1 2OHIZHIEL, £ EOHIZEAZDO T3 DOH
DLy b1, BATLOHERGRZOTIDHOE Y +
M, L) b FEORT O S BREE T 5
RAFERBEAAS = 2 —F Ry b T — 27 FHWI%
BV TRGER X B IS S [17). BBowkatss
WY THE, FEICBVT L RBEERD S ORI
HREEZo6ND,

6.3 UCT &Mttt
INFTHERZ2DDT N T X LD T ORI
LT, BfETHETH B UCT & O FEEE %47 - 7=,
FL®IC, NLARTOERERFERRIZT LA 7 bR
I AMREDEVEFHIT 5720, LA Ty MulEERL
WCERE LT N T XL ESH Lo TV, R EEHEX
W& EHI L 72, RICE#EIL % i L 72 fLinUCT-GDprarN,
fLinUCT-GDgrave 28 UCT LB L CEDOREOH S T
BET 5 a sl L7z,
6.3.1 7LA 77 ~NEFHDLE
fLinUCT-GDppamn, fLinUCT-GDrave & UCT & % A
—TVLATY MIBOEEO b & TS SR T & 5,
xR 6 IIRT.
fLinUCT-GDpramy & UCT LB L TWFNLDO T L A
7o MK TOE D LV RGN, LArLT LA
Ty MR T I LI L o TR LT 5 L v i
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£6 [HA—7VLA77 Ma$TFTOUCT IZHT 5
fLiHUCT—GDRAVE @jd‘ﬁzﬁ‘z'ffﬁ
Table 6 Win rates of fLinUCT-GDgravg against UCT with

equal number of playouts.

TLAT Y M B BEKE R
1,000 0.440  £0.068 100
2,000 0.474  £0.046 100
4,000 0.502  £0.049 100
8,000 0.521  40.051 100

#F 7 fLinUCT-GDprany & UCT & D 1 EH 720 OFEATRER
B) oIt
Table 7 Average running time per match of
fLinUCT-GDppain and UCT.

LA 7 Mk 1,000 2,000 4,000 8,000
UCT 14.3 287 586 116.6
fLinUCT-GDpraIN 325  68.8 1484 316.9

fLinUCT-GDprain/ UCT  2.27 2.40 2.53 2.78

# 8 fLinUCT-GDgrave & UCT & D 1 G dH 7 ) OFETIHER
(#) ok
Table 8 Average running time per match of
fLinUCT-GDgrave and UCT.

TLAT T Mgk 1,000 2,000 4,000 8,000
ucCT 13.6 28.4 59.4  129.6
fLinUCT-GDravE 23.1 46.2 97.1 204.3

fLinUCT-GDgrave/ UCT 1.70 1.63 1.63 1.57

K9 PHRAEICETZ 1BH)OTFHTLA 7Y Ml
(100 BIFAAT DF5)
Table 9 Average number of playouts per seconds from initial

position (over 100 trials).

TNTY XL TL AT Na/
UCT 2,246.19
fLinUCT-GDppaNn 632.82
fLinUCT-GDRgrAvE 952.15

BEAE SN 72, fLinUCT-GDgrave & UCT & O3k i,
WEFNROT LA Ty MEITHRMEIN A A EEIR O
Mo 7278, fLinUCT-GDprain & H# L THREDS M E LT
WL ENRERTE S,
6.3.2 ETEREODIEER

RT7, REIZENEFNOTNVIT) ALD1REDHZY
DEATHEOLE L, UCT # 1 & L7z& &0 fLinUCT-
GDpram, fLinUCT-GDgrave D FEITHRH 2R 7.

UCT & @ LT, fLinUCB-GD % v 72 fLinUCT-
GDpramN, fLinUCT-GDrave 3 BB L ZEH LD+ —
TR EAT) S EDTRETH A 2 L HWVh A, fLinUCT-
GDppramn & fLinUCT-GDgave % IL#3 4 &, fLinUCT-
GDpraiNy DT ) DBERD Do TW B EHWmm5b. K9
FBIERE 2 S 1 RER AT LA 0T AT
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® 10 [F-BERE 61) I2B1J% UCT 12§ 2%
Table 10 Winning ratio against UCT (5 seconds per turn).

TN XL e fEHAIKE R
fLinUCT-GDprLaiv ~ 0.173  0.038 100
fLinUCT-GDrave  0.270  0.044 100

® 11 F--BERE (58) 28125 UCT-RAVE 14 5%
Table 11 Winning ratio against UCT-RAVE (5 seconds per

turn).
T T) XA e B 3kl
fLinUCT-GDpramn  0.150 0.036 100
fLinUCT-GDgrave  0.210 0.041 100

v A ERLTWAS, Z0EDS b LinUCT-GDpra
& LT fLinUCT-GDgave PEIDRL VL L DT LA
T MNeFEFTLIEDNTETVLI LD GNAE, I
FNENDOT VT X LOHEFEARDIIROMERNIC L - TS
DE)LBEPEING E-RDNEH, FEllRREIE4ED
METHH.

6.4 RI—RBERFICH T D HE

BB, FA—0OF&UT COREFELEORBEET- 7.
fLinUCT-GDppamy, fLinUCT-GDgave & UCT, UCT-
RAVE & % BEE % 5 B I2Hi 2 Txfik £ 472, & 10,
R1L 222007 VT X LDFER %R,

FEATHEM % [H—12 L7234 13 UCT, UCT-RAVE & Hg
LTRELLBLZED SN D, UCT L OFETHEZ% 2
LEFREDTVLAT Y NOEPGAEL, TOEEMD L7
O &0 IEHEARFHMATTRE & % A MO, LA T
M O & B0 B RICED D 5 W D %EH 2 E 24T ) &b
TS5,

7. BbHYIC

KRR CILFER A BLRE T % w72 fLinUCB-GD % H
W, FHEEZEIR L7 LinUCT 293 L, HARERE
A ZEMCTH > TOHEMN LM CREITZ LT L%
RLU7z. BHERRIE UCT OEBETIT) S LW HETH
% Z L, PEBEIS ridge regression %179 b & & &£ D LinUCT
LN L EFEBRTRL.

P BWTIIBEFETETH A UCT, UCT-RAVE & It
LT, AEO#PTIE (LinUCT-GD OEMMEZ R
EWRTELhodz. FFA—FERKEE AWGETIER
ELHDLILDMHRTEI, SHROBEL LT, Frzem
DFEITZEEZRBE LTIV RV HIRT 2 £ 112
HIFoND. SREHCERITEM 2 OOREZ T, B
W23 O T 2 b o 72 BEVEATE .

% 7240113 fLinUCT-GDpramn, fLinUCT-GDgave @
S 24T - 7278, minimax KROMWEZEFE L/t 7 v T
U X 4 (4] OFFE BT, EROS— A TR
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YRETDULEND 5.

FOENMCE =2 =Tty bT =2 D LX) LT EM
HEbETL D IEHLREMZAT), 2 EDHMEIEZ S
ns.

HE OO —#I3 JSPS B E 25330432 &
16H02927 Wi & 527 TWE T,
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A8 (ExH)

2014 ARV T3 a5 55 B P P A B OB
BT, 2016 SEH I RFREER A
(LI ZE RN R =R gUE 7. 54 (%
fr). 2016 4F X ) TR RS
AL ZE R L AR5

KRR AU Fe R 1R
BT, L (5. FRFRAS
AR BT, Bh#, #esaz &#%5C,
2015 4F & 0 RSB EH .
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