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Abstract: As a method for increasing advertisement effect on a mobile service, the contextual bandit algo-
rithm that selects the content in consideration of the features of the access user is often used. However, it is
not always that we can acquire sufficient features of the user. In this paper, we propose a dynamic approach
based on dimensional reduction and clustering by using only the features of mobile network information and
aim to be able to apply contextual bandit algorithm for any mobile service. We apply the proposed method
to the datasets in the campaign sites in Spain and Greece, and it improved the conversion rate in Spain by
9.0% compared to the A/B testing and by 3.6% compared to the bandit algorithm without considering the
context. In the on-line test conducted by applying the proposed method to our Ad platform, the proposed
method improved the conversion rate in Spain by 15.6% compared to the A/B testing.
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DINEZ ) ITA T4 TOMREFRFICH L Z LI TS %
W, ZD720, BBHAIREY ) TA T4 T7IZ—% % T
YE LR T T, RIREMFET A Web ¥ —F T 4
FFEEDOA/BT AL LHVONS,

BRIGERDS, TRE7 ) A T4 7 &EIRTBHHZ, K
EC2O0MWIEE L L ZENTRETH L. 1 DIF, HHR
(exploration) & WX 2 HMET, b LILE S ) LA
TATRTUVFTRIEKREELZEIZLY, ZhEND Y
Vo 7 HOMMHER A I ENTE S, b9 —HiE, HH
(exploitation) &I AHENET, S L TV AIHEED
70y 7BEORPT, RKHMEIEHVILEZ ) AT 4 7%k E
WTHZEIZED, BONIHEIERT LA TE S,
INHIE ML= FF7OBRIZH Y, #EE (exploration)
FEHELTEL LT AL 2D, HIZRIROFEW
IR 7 ) 2 A T4 72 ERT R TLT W, £
DFER, WA IR T EDITELRL LA, IS, HH
(exploitation) #EHMH LT EZ L, LEZVIAT4 7D
gz ) v 7 BOFEIPFHEA TR WRT, o728
% L REED D B .

CHOLIP L= FA7OBRENT Y ASELT 70—
F & L, Bandit algorithm[1] 2°& < w5415, Ban-
dit algorithm Tl&, —EMBICBIF R0 2 ) v 7
Rarn=varftvosizfior Kbz HimE LT,
exploration & exploitation /3T ¥ A 8ELH 5, L5
XA T4 7%ERL T, 2O Bandit algorithm &
ke LT, 22—V ORI L CARZRILE 7 ) A
T4 7B LT 5AZ ENEZ S5, Contextual bandit
algorithm [21] LI TV D, IV TFAMEEE L2
Bandit algorithm Tl&, §XTOLZ—H|2x L TH UHIEE
HMOGHEEL TW5E (DI, 207X A NE2EELL
\» Bandit algorithm % Context-free bandit algorithm &
M5). 242k L T Contextual bandit algorithm Tlid,
FNENDILEZ ) A T 4 THEEE IS U R
MG %D EREL TWA, 2070, 2—HT L2
IO~y FLlcary7sryERETLIENTEL720,
Context-free bandit algorithm (2~ THENZ S 5 (28 =
FTIENTES.

Contextual bandit algorithms O — ¥ X & L Tid,
=2 — ARLFOHHERILEFIRD /8= F T A X LI
HEnTwb, =2 —ALHEOHEEDOH TIE, Web ~—
VICERTHRLFON LT ORI, 12— FOREE%
EEB L2 EI2LY, @5 O Bandit algorithm (2T
12.5%D 7 1) v 785 PP R 2R L 72 [10].

Z 9 L 7z Contextual bandit algorithms THW & 115
I—FORHEICER L2GE, BFHEOMEITRE (U
TOE)IHETHI LD TES.

e Demographic and geographic features . 7£51] - 4%

ERETY 7 Lo ZEMEEH e &
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e Behavioral features . ¥— Y ADOFIH B 7 7% &
e Implicit features © ¥ A L5 IR % &
WEOMABITIE, EEZ7 VAT 4T7D7) v 7 EM
2% % & it b Demographic and geographic features
% Behavioral features # 2 > 7 ¥ A ME#HE L THMHT %
F=ANLn, INHOUSIIER I A MEEWG, L3
A ROREN ED72OICKRECFGSTLERDNL. —
HC, WA E RN & v 5 72 Implicit features @ I
YTHRAMERIL, IREZ ) IAT AT DY) v 7 EDM
BIIIRECIE 2V b 0o, ET R MET5rIcfne.

Contextual bandit algorithms M4 — & A~D# H % H
ELRBIZ, =% T 5140 %443 (Demographic
and geographic features % Behavioral features) %% — &
AMTORICHELNE LIZRS v, £ TR LTI,
Z @ Implicit features DIHFMTH L ENA N Ay N T—7
i 124 H L 72 Contextual bandit algorithm % 249
L. REEXOEBNEZ, XOLBYTH5.

o AN—ABRENA VA Y M= EHEEEHT 572
O, FEORTIERE 77 A5 1) v 7L % Con-
textual bandit algorithm |23 A L 7z,

e LW r7TFAMENETLIHHEEZEL,
Context-free bandit & Contextual bandit OB 7 v
TY AL mRE LT

o ENANY—ERIIBIFLFET - TH7 74 HGE
ATV, BEIZA MOV A Y M= JEEEOAT
Context-free bandit % & OVEREM] - % f#ERE L 7-.

o EH—EANO#HMT, RETFLOBENMELMERL 7.

RO T L 9 TH A, 25 Tld, Contextual

bandit algorithm 2§ 22122V TN 5. 3=
TiE, RO —EARMEXEIIOVWTERT S, 4%
T, WEFFEORTEME 7 TIAY ) v 7 E2ER L
Contextual bandit algorithms IZDWTik~X5%, 5 FETIL,
T 774 VR TOREFLEOWEREMRELI D W TEHHT
. 6T, F 74 YEIBECTOBMMFRZFHHT 5.

2. FAEMZR

AE T, Bandit algorithm, Contextual bandit algo-
rithm B X, 2O — 2@ FAHGIZOWTENT 5.

2.1 Bandit algorithm

Bandit algorithm Tl%, 55N 5O KIbE HiG &
L T, exploration & exploitation /Y7 > A € L5
TEIZBRIRL T, ZONT UV AZPRDLEER) O
HHIZIL, e-greedy [3], Softmax[4], UCB1 [2], Exp3[5] %,
Thompson sampling [6], [7], [8], [9] %= £D%d 5. e-greedy
F—EDOF G THERPIGA > 2 IR, UCBL I EIREN A
DHIFHEIZ D W T OEEXH 2 v TITB #2179 %
EOBENHHDL., THLTNITYALDA) v ELT
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(&, A/B7 A DX HIZFIRT A MR 2 WIRICROE
LULEN R, BEIMICAERIZa Y 7y ~NEPORL Tw
LTEDBHITENS.

2.2 Contextual Bandit algorithm

- OREHE % v 4 Contextual bandit algorithm
E, TNEFTIELELDT VT RLHFRES ATV,
7z 21, UCBL 22 ¥ 7 % A MEWHA I L 72 Lin-
UCB[10], [11], [12], <€ D3k D BaseLinUCB [13], Lin-
REL [14], CoFineUCB [15] X FactorUCB [16] 72 £ 5.
% 72, Thompson sampling ® I ¥ 7 F A MLk [17], [18]
R, I—FOWAEY T A% 72 LCB[19] & &b IEE S h
Twa5.

2.3 Contextual Bandit algorithm D4 — E Z:@ A

Contextual bandit algorithm (&7 )V T X 2 OIFZEHSH
LTH B, W DA — U REIHH S B S LT D,
FHEAL IOV TH, FUTF4 v/ R=VDarFy
VERP = 2 - ABRED LI, ENA MY —ERITBIT
LERIEICECHweNS, Z0OB, AT 51—H0D
BB, RSB V- EADONEIKGET 5.

Li 5072 TiE, Yahool® 70y b R—Y D=2 — A
FUFHER 12 Contextual bandit algorithm @ LinUCB % j#
MLTw5s [10]. £7z, FIHT 22— OfgEL LT3,
Z—=HFIZOVTOURIRFL L Vo B HEHE#RS, #Eo
Yahoo! = D7 7 A0 7 E0H5H. ZOEMIZE-
T, Fa % v Context-free bandit algorithm (21
NRT125%D 7 ) v 7 HIaEl L T\ 5.

Bouneffouf 5 D7 Tld, L —HF~DOEHHEE» HAIZ
e-greedy DI ¥ 7 F A MLETH 5 Contextual e-greedy
algorithm % V> T2 5 [20]. FIH L T2 L —F DOFEE
i, T-TFOMEFRCRHE, £LTY—Y v VIE#R
THY), TO3HEEZF Y ELTRIALTWS,
ez, BT -V OMEFERE L THRER
JE7Y (48.89,2.23), FHEEZIAY “Oct_3.12:10.20127, v —
Dy VERE LT, 2-FDAL Y FICERELTH
BHANXY MEHR “meeting with Paul Gerard” % i - T,
S = ("48.89,2.23", "Oct_3.12:10_2012", "Paul_Gerard")
DEHITET.

DL, BERFIETIZENA VY — BRI L 72
Y=Y AFHB 7 EeEHEICHCTWADY, T L
TR EEEED, DRIERTE S LIIRL 2w, 72,
CH LT = ZHH TGS 2720121, 2—%DID %
SO — AL HE)T LLED D )Y TIER TR
WA s, 22T, KUETIE, EDLI) BTNV —
Y 2T H LI Contextual bandit algorithm % i# H T
X289, ENANVLAY NI =2 1ZED CHE O A EF)
LR 5.
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Fig. 1 Recommendation of landing pages at campaign site.

3. FENE

KifFE T, ENA V- RICBITLIYT YDl
aAXAyT—a &S . 9 Bandit algorithms % 5 H
TLEMARM LS - A2 E/RD, kI, 2y TFFAMDIL
DENA NV Ay M-I RHEICEHL, TOME TR
5.

3.1 H—EIHBE

DOCOMO Digital 133 — T v 8% #EET 5, Fuo—
INVed<w—AEETHDL., TOPETT v b7+ — L4,
5 20 A ED EOE A ISHRAEL, 1 HIZ 4,200 L EDF ¥
SR=UH A FNEEFELTVWE, ZOF A MIBWT, A
HNF—F )y 7 Ll —FIZwl, RICERTLT
YTA VIRV RMLTAILEEZSL (K 1).
I—=WIZT VT4 I R=V TR LRI, T N—
VarFEFTERININEIDE, VTN A LT =N
W7 4= Ny 780, a7 IZE/BEINL. F00
BALFEOT NV T) AL D 12T A Bandit algorithm
ERAWTORRNZEEHPITRETH Y, HACEN T~
TA TR TNEFITRPPOE L T <.

ZZTIE, 1B AET VT4 v I R=ITL—FD
AT HFRANEEELZ)ZT, RNy T YRR
AL, IoN=Ua vREREKELSELZLEHNETS.

3.2 ENAILzy NT—VEHE

ENANY —CRAIIBITLI Ty IVDLIARX YT —
v a %, Contextual bandit algorithm % > THEfE T %
B2, 2—FD LD L) RIEFHMEIFIMTE 2N EEL
FETHEH., T—ERIZLoTIE, 2—FIXTLEEL
BHEFORICIHETETWA LIRS 2. $72, 20
I BEMOMEEH7ICHUGT A2 81F, %I X b
DML T ITANYER) VOEHELZ EOMHTHES T
QN

—7C, Implicit features THAHENA NV F v N T —7
M ORBEIER T A PO, AT, L) HEN
ANH—EAEIZBWTHIE L THHTE L2 v
NdH L., KIFFETHRETLENA VALY NT— 7 O
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Table 1 Example of mobile network features.

NwW
No. FAY —
ik HE A7 Y —E
T e 2 3p F0O 3G
NW Mode | T PATARET 7L gy Wi-Fi
LizBRO A&k T— 7 flifl F02 Unknown
FO03 Movistar.es
I 0 .es
Operator LFBLHIL TS EOg 81?15‘2:; es
2 N SRS P X
ty bU—sASL—F FO6 Yoigo.es
FO7 Unknown
FO8 Android_phone
F09 Android_tablet
User Agent a—#FRFAL TS Flo iPhone
ot oV CDa— Fll iPad
roup r—zh F12 Windows_smartphone
F13 Blackberry
Fl4 Feature_phone
F15 Android
Pk LIS T I v
Mobile OS BigIz oW ToA L L— FI8 Windows
F o AT J S
TAYT L AT L F19 Linux
F20 Firefox OS
F21 Android Webkit
F22 Chrome Mobile
. . F23 Safari
Mobile a—FRFALTVS F24 Dd er;
Browser BigEO v =775 o — F25 Fi]iei'ox
F26 Internet Explore
F27 Dofin

-

H

FOO FO1 FO2 FO3 FO4 FOS FOB FO7 FO8 FO9 F10 F11 F12 F13 F14 F15 F16 F17 F18 F19 F20 F21 F22 F23 F24 F25 F26 F27
Feature

X2 H#moh T T RIOFEE
Fig. 2 Frequency of feature category.

Publisher
P11P10 PO P8 P7 P6 P5 P4 P3 P2 P1 PO

HMEOMBEO—Hlrk 1 IIRT. HE=IIRE {521
Gt l), Oty hT—2HR, @ty b7 =2 F X
L—%, @Qa—Hr—Vxr b, DFXRL—T4 T TVA
Th, OV TTIIFEHITENS.

NS DEMEZ, TRTATFT) ANVEETHY, 12—
FORHE 2 bLiL, One-hot-encoding 12 & ) /N4 F1)
N7 MVELTERHTRETHL., LrL, s E
&, IFWICE O T T)DHFLET D720, — BRI
HARZ PVORTTHIIERICE>TLES . #0720, &
DY~ 7 V% ZD % F Contextual bandit algorithm
DASELTLED &, AX—ABOMEIGSAE L, K
PIRTE L7207 THL, FHELBIC AL 2T TLE
9. M 2T, ¥Fx¥ =% 4+ (Publisher) &I
ENANV Ay VT IHEEOKE AT T (R1TRLE
FOO 75 F27) IZDOWTORABEEZ RS, V=77 T
HFRL—HFLT -V bewnoboidh s ) OfFEHEN
ZKAEL T, BEHEIP LW OPEHEHD T 5
A= AR IRREIZ o TV B,

Z 9 LoRHE LT B 72, — RIS F R OT
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AT 27 70 —FBECHwENS., AHLTE, &
HICHHE LW T (35672012, RO L LUl %
Froi-.

(1) ERIEDD A= A% ENA v h v b — 7§ (c
DWT, RICHAMIC & 0 Ekn 2 EOFEE N7 M
ISR, SHIZ7TAY Y 7K o TR ICHE
itz 5.

(2) A T4 TOY—EZADHHTlE Context-free ban-
dit algorithm & Contextual bandit algorithm %
L, BIICRICE G 7 9 AY ) Y IR FELTL, FD
FERICHEDOWTL I A TF—va Y2479,

4. REFE
ARETIE, EOL)LENA NI —ERIZBVTHI

BLTHHTREZENA VA Y P — 7 BBEICL S
Contextual bandit algorithms (22T 5.

4.1 |ET7NLIVXL

RIUCEAGE 7 T A ) ¥ TR FATT A2, 22—
DEFBERED & 5RE, EEINTLrL TRV ERET
LIENTERWV., ZO0, RILEMmE 7 TAY ) »
THRTE DT TIEEEZ A2\ Context-free bandit
algorithm ZFAT L2056, Z—HIZOoWTHT— ¥ %
fFLTw<. 22T, Context-free bandit algorithm % i
MALTwa % T, &3, FG2>»5HH T, »F-o 72
BiIC, BHLAT -2 2RI L CRILEME 2 T ALY
YIEREL, A yTFAMLELTHWS Z—FIZOoWn
TO7 FTAYZERT 5. ZDHROFHM L —F up 125 L
T, BT A ZIR$TXT bV 7, € {0,1}¢ &5
$# L7229 2T, Contextual bandit algorithm % #J3 5.
Z @ Context-free bandit algorithm & Contextual bandit
algorithm # Bl L 7232 E 7 v T X 4 % Algorithm 1 12
R

4.2 Context-free Bandit Phase

AHiTld Algorithm 1 @ Context-free bandit phase &
DWTHAT S, BHLWO 7 = — AT, 7— % 25/
LoDy 7 Y BERRTED LD, ary7F
A b & ZRE L7\ Context-free bandit algorithm % & ] 9
A, AIETHPTlE, Context-free bandit algorithm & L
T, VBRI E ) 7V F 4 A TOEMMIC# R 72 Thompson
sampling [8] % Fi\»%. Thompson sampling X1 K%
DT, ZOWIPRETH L FEMEFELLICLTT VS
PAN R 1R N R

Bt ICENA N — A I L7z — %% vy, 3
WiJwgrarrrveaqec A k35, 72207000
BiE A=K THhs. Bilt=1,2,...,T TRl —H
w s, ATV a BERTLHFTEITV, FOLED
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ALGORITHM 1: Context-free and Contextual Bandit
Input: Feature vector X, of user visited at time #, and the set A; of
advertisement candidates
Output: the selected advertisement a; € A; for the user visited at
time ¢

// Context-free bandit phase;
fort=1,2..., Ty, do
Foreacharmi =1, ..., K, sample 0;(¢) from the
Beta(S; +1,F;+1) distribution;
Play arm a(t) := arg max 6;(¢);
i

Observe reward rg, ¢;
if ro,; = 1 then

‘ Sa,r = Sa,r +1;
else

‘ Fa,r =Fa,r +1;
end

end

// Clustering phase;

doPCAX; = {X1, Xz, . ... X1y, }. d');
Obtain eigenvectors &;, eigenvalues A; and Y;;
do K-means(Y; = {Y1, Y2, ..., Y7, }, ¢);
Obtain centroids vc¢;

// Contextual bandit phase;
fort=Tp+1,Tp+2,... do
Observe context X; of user visited at time #;
Transform X, into Z; € {0, 1}€ by using &.A;,vc;
Foreacharmi=1,..., K, sample fi;(t) from the
N(jt), v?B(t)™") distribution;
Play arm a(t) := arg max Z{ﬁi(t);
i
Observe reward rg, r;
Update B(t). fia(t);
end

Wz re, ELTFEBETHILEERD.

Thompson sampling DK 1) ¥ Tl&, TNENDORAITIZ
WC, £ar7 i OFHifELZ RO LI ICHE LTS, 3
VF UV i RBEIRLEO Ty N—Y g VRIS, &
KO F, & L7z &, =% 57 Beta(S; + 1, F; + 1)
W) ELE G, &7 2 AICHR T 5. CoOBEE K HO
a7 702

ORIV T U q ZIEIRT 5.

a(t) := arg max 0;(1). (1)
ZLC, #RLZaYT VY a 22— FIZFIR L2

TIN=Ta YHTONINE D) DORER o ZETHIL
S; DL F IZOWTOEFEZIT.

~ ZC, Context-free bandit algorithm % #J L T\ %
MW Ty, &, N9 AxA—=5 L L THzZbNAE, BEHATLHEN
ANG—EAIBITEL=HFDOT 7L AHER, h)RE
I — O OFIIE U CHEYRE T, 13%5b->TL 5
EEZONDLID, ZITIR, BRREEPLEICKRET
ELfEE LTS

4.3 Clustering Phase
KHEiTlE Algorithm 1 @ Clustering phase (22> T
T4, =Y u OFBE X, X, TEXA VLAY T —72
T 2T T)INT =5 %5 I-EHL-b0xH

i
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DWTHEDEL, (1) DLHic, 2olEr

X; €{0,1}¢ Y, € R Z, €{0,1)°

(Do

Sl L0
)

PCA K-means Cluster2

Cluster3

Y1Y2 N
B3 7I7ASERAT v T
Fig. 3 Step of making clusters.

FELTWD, — WIS, EXA VA FT—=21281F57%
T F =Y IIEHEKETH LD, X, EERILHD A
IN=ARINA FYXRT Mo TwW5E, ZOREDT F
Contextual bandit algorithm D AJJ &4 4UE, K (5) 128
T % #4758 B(t) ! OFtEAMSE S o TLE ).

DL RMEEFRT L0112, B 3IZRT LI
RIEFEMGE 7 TAS ) T L BT TU—F52EZ D,

d RIEOFMEY X, € {0,1}4 1220 T, X )ERITLO
N7 MUK o THIZKBT 5 7201 EH5 58 (PCA)
VD ERSOITIC L o TRO NIRRT d DF%
BN MVEY, eRY £33, 25122 N% Komeans 12
XY, 2=F w27 T AT ITAIEEDL. &K
Koz, 2—FBLDr IAZIIRL T D 0%
#I X7 MV Z, € {0,1}° & Contextual bandit algorithm
DAIETS.

4.4 Contextual Bandit Phase

AHiTlE Algorithm 1 @ Contextual bandit phase 122
WCHAT 5. 2= u ORBEZ IO d KITTORH
Xy € {0,1}¢ 25 c RILOFEHE Z, € {0,1}° ICEHM
L, Contextual bandit algorithm % @3 4. AK{ELT
#:Tlx, Contextual bandit algorithm & L T Thompson
sampling D I > 7 F X MR TH 5 WL [17] V5. K
T T) XL OFRMEHIE, FEIMEET LinUCB [10] & 1
B2 B> TWizoTh b,

WMIZETVT, S EFFBEOMBEEIT L L, RO
)k 5.

Elrya | Zi] = ZtT/‘a- (2)

2T, g € REFIEHMOMHIRRETH 5.
BRI L= T 2Rz af &35 &, £lAT
IBF B IRGEAE &P & 0T RD X 1IcFEE S,

Ay =27, Ma ZtT,ua . (3)

L7z25oC, BEHZ, &M T I

T) =37, A ORMEE %%

a7 % A Mk L7z Thompson sampling [17] Tl&, 7
YT Y RERKE YT YRS AR VS, R

BIFsU 7Ly
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Tor DLFE, I TF AN X, L TUREIGREL po AYIE

5Ai N(ZE pa,0?) DEIZEZBNBET D, 22T
v = R\/(24/¢) kIn(1/6), €€ (0,1), § € (0,1), R>0T
HhH., ZOEE, p, DAt IZBDEEHEITKRD L) 12

52505,
t—1

Bt)=I,+Y Z, - ZI (4)
T=1

fia(t) = B(t)~ <§:Z-m7>- (5)

BONTHEME i, ZH->T, £V TV VIZDWTIE
LA N (fia (8), v2B(t) ™) 225 > 7)) v 7 2 EfEL T,
fio B, ZLTC, X (6) Zili7zd Iy T v ap BER
T5.

a(t) := arg max Z ji;. (6)

COFRIZE o THRONTHmM r,, ZBINL T, B(t) B
FO i (8) OV TOEHFH AT .

5. FT77AVRIBTOYIaLb—Y 3>

RETIE, RLEHM, BLO 27725 1) v 7123#ko <
Contextual bandit algorithm OPEREMEEIZ DV Tk 5,
WHEMGETO 7 — % 1X, DOCOMO Digital ¥ E /N1
F—URAEIZBWT, BIFERLI-aN=TVa LD
WTHDA/BTAMERZFHLTHS., ThoDT7T—%
WZDOWCRICHENMEE 7 9 A8 ) v I &iT 0, Rohi-2 5
A HAVTHFANE LT 794 Iab—Ta 4
RIZOWTHHT 5.

51 F—&tvy k

FHEL-T—%+ty ME, A. AL v, BXU, B. ¥V
TXDENEFNTERSNIZF ¥ o R=VH A MIBITS
A/BTAMNERTH L.

T—=%+tv MA BOELLIZOWTYH, T2T4
TR=VIZERTHIA TV ERHOBEIIK =2Th
D, 772AZ—=FIZxLTEL L% BINL TF
/KT 4. Bandit algorithm OISR T, #IFED = & % i
(arm) &R, 20720, SRIOTFT—5 £y MIBWT
b, K=20ar7 v IEHOZFNENE, arm 0, arm_1
CEFRTH, TRy PALBIZBULIYT VU
fli (arm.0, arm.1) IZFNFNELDLLDOTH L. T—
L, TR AT EENTETND LAY VT — 7
BHER, 77A2—FITLiZEbb0a 5 v U Eg
(arm_0, arm_1) #FRL7= (f T Ly ay), B&
O, FoRBICa VT v RBALLZY (3= 3 )
DIEWA TSN TV D

K4 ZARLSVEF) v DEF ¥V R= U DEINA
WAy M= B EOGERT. ENETNORHED
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operator_vodafone.es [IIIECIINN 000 oz
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operator_wind.gr 0.00 023
uaGroup_ANDROID_PHONE .,
uaGroup_ANDROID_TABLET 001 0.09
uaGroup_DESKTOP 000 0.00
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Fig. 4 Difference in feature distribution between datasets.
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Table 2 Performance comparison of algorithms.

K3 IIRINANEEL Y T A5 HEH

Table 3 Number of people in clusters and cluster description.

. Dataset
Algorithms A. Spain  B. Greece
Contextual bandit w/ clustering  4.83% 9.92%
Context-free bandit 4.66% 9.56%
A/B testing 4.43% 8.79%
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REDTW, FLTC, 7I5AF) Y7 TIEZD 2 #liixd
L, H4DOWOINTHESRLDIZ2x2=4HD
FAYE LT

Ky Ialb—aryTlE, ENXALIVAy NI — 78R
& % FJJ§ L 72 Contextual bandit algorithms @ B ¥ %
BT 22 EE2HMELTWS, 20720, =%ty
NABIUBIPHBOLNTOVAIRET, BHEIZIOWVWTO
RICEAGE 7T A% 1) v 7 %547 L, Contextual bandit
algorithms @M L7z, L722>T, R¥Ia2lb—3v
Tl Context-free bandit 2> & Clustering phase [ZBAT T
L5 FCOMME T, & EFN TV,

5.3 7D X LDMERELSE

2007 =%ty MA, BIOWT 5, ENAIAY FT—
IEME AR VWIRET R TOI YNV a Y EREER 2 (12
R T TY XL OHRIB D 72012, FeEE FE L
% \» Context-free bandit algorithm, B XY, A/B 7 A I
THELBOMERESRLTWA, £2ITRT LI, X
RAY, BXY, F)vrvoLb507—-%ty MZow
Th, METFECLDA NV a v EPEA/BTFAL, B
L O, Context-free bandit algorithm (2 & % 3 2N —T 3
VEE RHo T,

T, FEiTOavN=YarvERr e, L LT, T
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T, A/B 7 X b bREFEANDIN LT 9.0%, Context-
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Dataset
Cluster A. Spain B. Greece
n description n description
Cluster 0 19,253 3G*Android 10,098 3G=Operator_AxBrowser_ A
Cluster 1 4,297 3G=iPhone 5,986 3G*Operator B
Cluster 2 2,496  Wi-FixAndroid 8,141 3GxOperator_AxBrowser B
Cluster 3 434 Wi-FixiPhone 1,976 Wi-Fi

ELTHMTH DL Z W05,

54 E=

RETIE, ENANVAY VT — 2 HBHED TS ) v
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5.4.2 5 XA2FI0OaIN— 3 UREE

a7 ¥ A MEERE L %\ Context-free bandit algo-
rithm CTlE, $_TOL—H12xf L TR CEAFERI O 54
RE L T AAS, st LT Contextual bandit algo-
rithm CTl&, ZNENDILEZ ) TA T 4 7THYFEIIL L
CHIFFH DA 2 RO EAE L T b, 20720, 21—
PTEIWLIVwyF LAy Ty RS 2 ETE
% 7:%, Context-free bandit algorithm 2 Ib~< Tl % &
SICHRT I ENTESL, AIHTIE, 2—FORHETDH
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5.
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Fig. 5 Changes in impression ratio and conversion rate by cluster. (a) (b): Cluster.0,

(¢) (d): Cluster_1.
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Table 4 Conversion ratio of content/cluster combination.

Dataset

Cluster A. Spain B. Greece
arm 0 arm | Diff arm 0 arm 1 Diff

Cluster_0 5.49%  4.94%  0.55%  9.65% 9.95% -0.30%

Cluster_1 4.51%  5.72% -1.21%  7.32% 8.28% -0.96%
Cluster 2 - - - 8.70% 11.59% -2.89%
Cluster_3 - - - 0.00% 3.49% -3.49%

Total 4.73% 4.50% 023%  7.99% 9.5%% -1.60%

LL, 77AYREKT A LI2LY, Cluster_l Ti3,
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EZHNb.
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Fig. 6 Application to on-line service.
®5 Ty ME
Table 5 Data summary.
Variable Value
Data period From 28-08-2017 To 17-09-2017
Country Spain
T 72 hours
K 2
c 4

9, Apache Spark [22] Z A\ T\ 5.
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