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Figure 1 Recommendation of Landing Pages at Campaign Site
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41 REFNLITIVXL

WItJEME & 7 T AZ Y » T HRFETT DL, 2—3
OHIMBIEN S LR, EEINTHLTRVWERET D
ZENTERY. 2O, RLEME 7 TAZ Y 7
TE 5 F TIHEAFMEL H V2R Context-free bandit
algorithm %34T L7235, 22—z o>\ TDOT — X %15
LT, 2LT, —EHMPIR-T%IC, EMLIZT—
HEIECUTRITEME 7 T AX VU T E#FATL, 20T
FARELTHWDZ—FIZONTDY T AL —EAFRT
5. FOHOFML—VFu Izt LT, B 724 —%
YT MVZ,, €{0,13 % FHH L7z T, Contextual bandit
algorithm %3 5" %. Z @ Context-free bandit algorithm &
Contextual bandit algorithm Z ffH] L7-42% 7 13V X 4%
Algorithm1 127”7

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;(t) from the
Beta(S;+1,F;+1) distribution;
Play arm a(t) := arg max 6;(¢);
i

Observe reward g, ¢;
if ro; = 1 then

| Sa,t = Sa,! +1;
else

| Fa,t =Far+1;
end

end

// Clustering phase;

do PCA(X; = {X1, X2, ..., X1, }, d');
Obtain eigenvectors &;, eigenvalues A; and Yy;
do K-means(Y; = {Y1, Yz, ..., Y1, }, ¢);
Obtain centroids v¢;

// Contextual bandit phase;
fort =T, +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 ji;(¢) from the
N(jt), v*B(t)™) distribution;
Play arm a(¢) := arg mathT[l,-(t);
i

Observe reward g, ¢;
Update B(2), fa(2);
end

4.2 Context-free bandit phase
AHiTlE Algorithm1 ¢ Context-free bandit phase {22V T
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F UV IR RN LB a8 — U g U R IIEELS; & IR
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TV a B BIRT 5.

a(t) = arg max 6; (t). )
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4.3 Clustering phase
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Figure 3 Step of Making Clusters
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a(t) = argmaxZ; ;. (6)
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Figure 4 Difference in Feature Distribution Between Datasets
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Table 2 Performance Comparison of Algorithms

. 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%

EK A A O VN - Qi i S
Table 3 Number of People in Clusters and Cluster Description

Dataset

Cluster A. Spain B. Greece
n description n description
Cluster 0 19,253 3GxAndrodid 10,098 3GxOperator_ AxBrowser A
Cluster 1 4,297 3GxiPhone 5,986 3GxOperator B
Cluster 2 2,496  Wi-FixAndroid 8,141 3GxOperator_ AxBrowser B
Cluster 3 434 Wi-FixiPhone 1,976 Wi-Fi
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TN Lo THERENTZZ T A Z —DFH, & T¥, Contextual
bandit algorlthm LLDarTUYERRO Y T AKX —RTO
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5419 3 X2 —DHH
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INCRTTEMEE 7 T A& Y v 7 O#EIX, Contextual
bandit algorithm D FEATRNZAERL L TWD. ZDREED T T A
Z—HiIc=4L LTEY, ZNENDY T A2 — DR %
ALl RIWKT—FEy FTO, 7 7RAX—NAK
LI TR —RBERT. EH50T7—4 %y MIOWT
b, BNy T —2 OFER] 3G/Wi-Fi) 087 T AL
—FERICBWTEERRTTHDL I RN nhd. IHIZ,
F—HEy kA DAL TR, n~$1~v:y%

(Android/iPhone) {2 L > CTH»nTEY, T—4%tE > +B
OF VY ¥ T, BEALXL—F— %%A4W77?%
—DFERIIT JZOT TILTND
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T, &TO2—HITH L TH U o551 2 50E L
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ENENDIRE 7 VoA T 0 7 PREEEITIS U 7o SRR E
DHAAEFFOLRELTWD., 20, 2—F T LTk
DwyFLllcarT oY aRIETLIZENRTEDLD
Context-fee bandit algorithm (Z b~ T %2 X 5 [THECT 2
ENTES. REiTIER, =—VFOREETHL I T AX—
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T, JI7AZ—TLDar =g VRENET 5.
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Figure 5 Changes in Impression Ratio and Conversion Rate by Cluster
(a) (b) : Cluster_0, (c) (d) : Cluster_1
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Table 4 Conversion Ratio of Content/Cluster Combination

Dataset

Cluster A. Spain B. Greece
arm 0 arm 1 Diff arm 0 arm 1 Diff
Cluster_0 549% 4.94% 0.55% 9.65% 9.95% -0.30%
Cluster_1 4.51% 572% -121%  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%  0.23% 7.99% 9.59% -1.60%

va S EIEEFKT. Cluster 02O\ TIE, arm 0
DAL= a VENEL, TI7BAZ—FREZ B2
N, EBEIZam 0 OA T Ly ia rEHEINTE TS
NGB, WIZ, Cluster 1 Tikarm 1 O X—T 3
VEROFNEL, aim 1 DA T Ly a Y EHEINTE T
WD Z ENBGND.

DX, FAL ARy VU —7 BKORHEE, K
TEMEE 7 FAZ Y Lo TR 5 2 L T, 2t
DENA NG —EALEEMR RSN TR AL
LTHWAZ ENTEXA.

6. BHYIC

KX TIE, CoLrRET ALY —E R EITBWTY
PLAHBEYIZ Contextual bandit algorithm %@ H T 5 L 9127
BT, FEARA )Ry MU —7 BHERORHSED A% R H
THFIEICON TR, ZORSEITERITI DA/ S—
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