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o OoF
o =

2 =okle 7Pirt 20154 6dRE] TR ool HESH 2

N
(RUBICS) & 722 HUE NASK]. FHIAE TISt 2 Q2| E08 T
¥ GUE (Ensemble) &8 AlARoH, 2} o]EALY] MHeks vigsh 71015}

=
ZIE

E)

ZH3 olEAt At Y] ERMEE vIgol R SEECE AEdt. &
e FHAY £7] (EE AEIE (Cold-Start) 08X} Tla=l 218 of

ol

Q LUPEOE ARSH HEIYEMT] (Multi-Armed Bandit) 5419] w2 &4
Al2EIE i) ol LIEIE Hes FEHL M5k Qs AR 4
SZ7} S Al ol E¢ FRIEQl LAEE W =242 thsl
=0ISk. TIAMOE A Tl o3 0]59] A AHIAY] A3} X E 1]
WE Ed A9 gIE Mg}, 28jAY) The HHIY ool TE)
Q1 20154 423 =1 (20154 6€) Q1 20159 849] 7w AHIE Hweh
Z3y, A7) H8% & dBd 29 4 130% E7IoH, Y8F FA

TC

O|8ANE 45% St ESH A siHo| L EHE FA FHRO OF 250% &
711 ol FRIATL O]8AF A8 JHAE &l ol8AY] BV} A W

9] Tty o gy

TN Z1AISE, w2 FH Aulx, 7le, FH
dyElE

1=
|
e
fu)
)
it
L
Ny

1. A&

AU Hls2 o] &5 A FAIHQ FHre T4 (Informa
tion Overload) ZHIDE A}, o] & s Z23st7] s AE 9

T QRS o] &AL BAS THEARME ARE FEH U=

1) B2el FYom ) o gA7t BE FRE BI G FTE DG 5 gE 4
HE Wit



71A8KE 7NI] w2 S AfHlA AR T Goljol thel &

714 (Information Filtering)® 7|'d¥ #Ao] AM(Information

Retrieval) ¥ % (Recommendation)o|t}. A 7]4& o] &4}

7 A= ARE ‘7“”01(Query 2 23 Egsie] olE u)
Ao}, 3 7]&e B} SEHQ WAooz ‘Pao]'e) e o

B2k WAAR] 7o) glojm o] 8xke] HAA AH|Z AR SRS
7|9ko g ato] o] A7t ME ket FHl=E AT FET2)
714185 (Machine learning)2 7|4 o
A HlolE=AE] Shgste] e ¢ eF she %HE] = 7N
Sl o Eok(Samuel A. L., 1959) %, #AM3} 4 So tpafst
opll QeidRE ZEH sith HE SolMe, GHHE FHoR
J=(Das, Datar, Garg, & Rajaram, 2007; Liu, Dolan, &
Pedersen, 2010), °F*(Agarwal, Chen, & Elango, 2009; Chu et
al., 2009; Li, Chu, Langford, & Schapire, 2010), 2g]aL #Ho]x
E(Mosseri, 2016) GolA 7|AskGE o8& o-&A &7|uke] 72~
T2 AR 23 7F A E o] ghvh ] QI GAIIAM = 71AIgkE 76t
of vkt JRIsE w2 FH AR|ATE A REH AN Hugk o] 8} 28
gl Ao A4 9 B Felx A7 ojHeom yi Py}t dAS

~
==
o e
e
o
— 0
R
K
it
ol
>,
o
o
N

e 1% rlo

2) 3 3RE v o] AYHr|x gt} “Delivering the Right Contents to
the Right user at the Right moment.”

3) dukzlo R o] gA}Eo] 2 Mu|zdA B INEEIE O B2 JAHE
7IAFE 2EEIA 2 71IAFE del oFl dFEgEAd gt 7]§ 9 dolgE 4
Alzdlo] lgate] o] gxloll Al A FAE FHIN EES ATHTE Muas
o]m] i},

4) BE o] &AEC] T2 o]9l9 T MUIAE AMESY] fd] T EE dlolHE W
ath, a3 R 2 o] g2t 29 (log-in) S A ¥E o] &AEcH, sl
o] 139 7|4 7578 (Personal computer, PC)E 75.01 2‘ji o]4<] ]ﬁx}ﬂ
7 AMEshe AS-(GHT ol Tgla ofe]Eo] FME .ol Ag o

Be] o] gA} AR o]go] TE e EAIZF LA} o] u:}a} g oz _T'Jé@é
PCAA 49 22 An| 204 o] &xto] thak Ame T2 5A8 (Profiling) ] ©]
Aok, o] 3t EAI7F 2uld oA = 719 ] (Personal Device)Ql A~rFEZS]
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dolA) 2gch Teht A BEo)E A8 Bule AYE P}
olelE BASS QY ¥ UG 9 Tz 24 At e

7] Al

7PEeE 20154 695 E U 22 2 Aulzo] Z)A St )k
o] 3 Alzglel #8]~(RUBICS)E =93t F4)29] wgjow o
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A B FAEE ol Folql AR s Al SRS 2
% 1711 r:} Fu)0) A B wujel ke AH|ARE A EwA

T ok T A AA B 7I9ES At dadEe g =
o] AoR ol sk 2, sielM 8l 7199 Al
o] 7= AL ool Agolrh. et 7 99 Bl dHem
o] HlelR FAE & A 7] i = daelse
AR & =20l Il A&l deAlT 28l thet AHT =29
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At dmelgol HolHwRe ~az ueld o e Ans
9 4 gl AlElol SRS dolHERy Sag Vo 54

el A el Wae Fa ol 54 Auel 22 AAY Ey

ol 9% FH duEEe A F IHE Y uE7v EE
(Content—Based Filtering) % §% ¥ (Collaborative Filterin
darelgolnt. U&7k dE e 1) 72F Zul=o wg FE
(Meta data))ellx 54 (Features)< —rgé}‘ﬂ Zel=o] 54 Z23
A (Item profile)S A3k, 2) o] &A} HAEPd Frl=FoA A}

1S u}

F U= EXES 3E350] o]éxle] MEn T2l wE 5
3) A= Filse ZHxs T AdE ZRId AR 2dxethe

sto] o] &zl Al Al&-gH(Pazzani, 1999).
.JJE}a /\]/\ HO o ]B_x}g]_ Hel= )\H]H?ﬂco] u];\:L _ﬁ_/\} o]%

i
ok, o] g4} imsm AT 54 A3ATA e

2 B X
-M' R m\ﬂ finsid m‘tN'
F—E' rﬂ NIO s
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2ottt J3tE d2 59 A4S, wWg, gE
A, g AR A=, HEF 9 oleA B
stol HeE —‘?- Algo]l o ETE T
9909 o]F ApH] gt} T A2 & o]
é(Bayeman network methods)(BIeese Heckerman, &
7] 24 (Classifier methods models) (Billsus & Pazzani
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f, oX

o
[
ool E,

o Mo
=3

g

o

o

&Y

o,

2

-‘)_,‘ m

ot
4
o2k,
Oél’i_z 0!
[
1T
[>
o
o
o Ir
— Olﬂ
of
toy

S
B
L 12 oS
k) e
m oo
2\3 2
N

il

T k’ﬂ o,

S 1o

el

o

nlrl

P

Kadie, 1998),

E
T

"



10

AP HAFUAIESHE, A A 344 13 (2017d 39)

_101‘

+ ¥, dY e oM e 54 N
QIR ofue}t o] gxtet Hiszd AFe] tE o|8AEY AR
(Community Information)% 3| o] &gth= Holth, A ZHH
T &7 ZEjgo] vls) 443k 3 (Serendipity Recommen
dation)Vo] 7hsdtal, HE o]8AEe] ARk &gsy] vl W&
719ke] el H]&) o8] "@F dlo|Ef (Behavioral Data)s) 7}
Ao WA Fuete FHo] hesitt. E3 Zrl= wE HolHE
ALEEHA] ko) olo] E&AOl EIAE BA9e| WeslH] oy BAE

1998: Miyahara & Pazzani, 2000), %3} Zd(clustering methods)
(Ungar & Foster 1998: Xue et al., 2005), K HTHol% 2d (Top-K
nearest neighbor methods) (Breese et al., 1998; Deshpande & Karypis,
2004: Herlocker, Konstan, Borchers, & Riedl, 1999: Karypis, 2001:
Resnick, Tacovou, Suchak, Bergstrom, & Riedl, 1994: Shardanand &
Maes, 1995; Sarwar, Karypis, Konstan, & Riedl, 2001), 3jE&s] =d
(Matrix factorization) (Billsus & Pazzani, 1998: DeCoste, 2006:
Goldberg, Roeder, Gupta, & Perkins, 2001: Sarwar, Karypis, Konstan,
& Riedl, 2000: Rennie & Srebro, 2005), Z#|Z =4 (Graph-based
methods) (Aggarwal, Wolf, Wu, & Yu, 1999; Huang, Chen, & Zeng,
2004), 18]3 4 24 (Probabilistic methods) (Hofmann & Puzicha, 1999,
Pennock, Horvitz, Lawrence, & Giles, 2000: Popescul, Pennock, &
Lawrence,2001) 5& € & %

= T
7) W HelRe) e s BelRs 22 ol 4l Wi Folahe Zzeel o
§49) §AMo] A3 gl BUEE 7o) Zsdit) oE Sol, ¥9 A A
oAM= HGA 2x2 FARE HiE o] 82} AdAR 73-’? AR 3t 2 FHo] 7

2

2

SoT, AE2 FAE Bol HE OE A8AE0] AF AR U FAE Bol B
$F 450k 99 26Y 2= 2457 Agele, Tt ugoe 269
$A49] AF PUANG TAR FAE £ WA, 084 A P& BUAE o
d A% Afo] o84 AdAl AR AL Bhsait

8) ol87e] W HolHE Azl olgAbt e BE AES 715F Jun i
Al o] A%, o187t offl 1128 AW, Y FAE g Al Anjeld,
T2 ¢ 8} M A8 2 AHgshE A2 o) $AT B HelElR e

9) ol we} 2] v Fela BA 7162 Aga dolsh Rl o} 727 B
) 2e 1ES 4G 71 G0, F Qolel A4S Qe ) e ez
2478 Abgalol @,



1.4

71ASKE 7NI] w5 AHIA AR T Goljoll thel 1L

‘54 3% 9 Ae(Feature Extraction & Selection) 7]&1000] &
gt gt 2 @ FEEE 7S 8ol 4% ol8Ake] dE
b oESte] fRE FHx Hue T FHxE TR —rﬂo}
W, dlolE7} H-58 Aol M FH FHo] AstEe &
(Cold-Start Problem)& Wj#lakar ¢l

FE ~EE A o8] A% HolH
zo] o A8E AATH. 2= 2BECE tgd 2 37 A%
of At A A= MEe ZH=rt Alese o & 9] O]%
A7t Az ZR=E 2] A= s FRl=rF FHEA
olgl = ~ElE’ (Item cold-start) & A Zel=7 /\]i

o Bt T RAE A2 o]8Ate] dE I
&¢o s Hlole7} Bol7] Mol i o]-&Atel A
Sl ol 8AF F= ~ElE (User cold-start)elth. Al
A A2 ZA7F ZAE A A ot o] AL s o]
El7F Aubd o REA FH FHo] Asfee A|x"l F= AE
E'(System cold-start) ©]th(Park, Pennock, Madani, Good, &
DeCoste, 2006).

22 2HE ZAE s12s] 9fsto] vg We] ARtk AlAE
2= 2HE ZAE 4] flsiA o] A-Idl= fH (User-item
Matrix) 9] A< =ol= W<l Latent Semantic Indexing(LSI)
3} Principal Component Analysis(PCA)7} #-&3Ith(Billsus &
Pazzani, 1998; Goldberg et al., 2001: Sarwar et al., 2000).

23] 2ol ggo} 7

N HE

ot
lN'
o
&3

of

B AN of

)

oH'I R

to o
I o> 2

0,
o
of

B
| +

10) ™E} HolElolA F2HE 54 %oﬂ 53] 93
sol 8 duEE AME - dolg W g
FAo|t} dlole W] wyty] AAE 24 U} 549 & EUo=2H, dug
59] g5y =9 B4 (Scalability) 9] &gl

11
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Nooo ol
o off op &
By
N
=

o

¢ & Shoham, 1997; Basilico & Hofmann, 2004; Basu, Hirsh,
& Cohen, 1998; Good et al., 1999; Melville, Mooney, & Naga
rajan, 2002; Park et al., 2006; Popescul et al., 2001; Schein,
Popescul, Ungar, & Pennock, 2002). o|ZAth o]&x}e] M5 o u}
gk Ug vk == J] ZEE Y keAE e W dlelg st gl
Z7] 5 Z2HE F8lA ygruke] FHel 7ksAE Fi, 5

olef7} Bobd - AFsHo Al FHY 7Nk el o w2 b

ol olH S Avth(Park et al., 2006). M=
o

& o84S % QuAL F P F Shhe Y A A )
e EHxE FHs: Aot dF Sol ofdA: 2W Uy

S(Multi-Armed Bandit, MAB)S ZA&st ZAdxFd  wAld
(Contextual MAB) ¢ #]5S 1oHtH(Li et al., 2010).

T A 2EE TRk ool AEHo] gttt Fske 3 AlHlo]
7P WA FELIEHA AeE Eokolty, 2719 2 st 4 Al~E

S (oA, EachMovielD 9} MovieLens!2))& o]8xF H4 HolHES

11) URL: http://www.cs.cmu.edu/~lebanon/IR-lab/data.html#intro
12) URL: http://grouplens.org/datasets/movielens



71A8KE 7NI] w2 S AfHlA AR T Goljol thel &

AFAFEAA AFstel F4 LuelE ALe ket Az DVD A
2 AEIARl JEHA(Netflix)7F 253 dIZ8 s Zeho]=(Netflix
Prize)197} 3 du#Fe] nwslel] £& 29tk WFg2E 19 A

9 Old‘lx} 34 EﬂcﬂEi% BUNSkL, olE BlFoR AE FH daL
A

Lj\l%—éii Ei}oli% 7}%} Aol 58 dudELS /3 J(Bell &
Koren, 2007a: 2007b: 2007c; Bell, Koren, & Volinsky, 2007)
oA % 1008 Belel FFe AT I AR - A FRe
won T melsel e Selshs R A

ok FH Alzdlo]l s 8w T ooE ooltd.
(Ringo) (Shardan & Maes, 1995)+= %7] 29 FH A|AHE F 3

Uz o] Al~ES 93] dE A veEL
(barnesandnoble.com), A/H/¥l(ZDnet), X571 (launch.com) (20
019 69 oFsol Zd4H) 18]al vfo] ok (MyYahoo!) 5ol o245}
ok o]% 23xE|Te](Spotify), °f=(Apple)®] A o]2(Genius) &
thgh sof F3 Alzdlo] /PRl o] o]ejol e thFgl Y, o] EH]
™ #(Linden, Smith, & York, 2003), $#|o]#](Balabanovi¢ &
Shoham, 1997: Terveen, Hill, Amento, McDonald, & Creter,
1997), 5% (Joke) (Goldberg et al., 2001), = (Cosley, Lawren
ce, & Pennock, 2002: Middleton, Shadbolt, & De Roure,
2004), Fa1d)-so] g 34 darelge] A8

13) URL: http://www.netflixprize.com/

14) 72 53], Automated collaborative filtering in world wide web
advertising, US 5918014 A, URL: https://www.google.com/patents/US
5918014

13
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2) w2 FH L12lE

T2 AElAe 37 o] S HFE AFEo g geo|rt. n|
= W REE ARHEElA e 2Ed=(Grouplens) &
1994%1 B oolgx 7|¥k ¢ FE|®(User-user Collaborative
Filtering) ¢alg)ws A3l ZLﬂ(Usenet)oﬂfﬂ g TRk
ok o]F aFdlxeE £ dagsS AHEg Wil(Tango) AlZ=HE 7l
itk Claypool, Gokhale, Miranda, Murnikov, Netes, & Sart
in, 1999; Konstan, Miller, Maltz, Herlocker, Gordon, & Ried
1, 1997: Miller, Riedl, & Konstan, 1997: Resnick et al., 199

4)_ A}o%ﬂ?_] e /\13]/\01]/\1 _Zrzqo] x%%g_ ;H;;Go oq] = ‘T_ri
(Google News)$} oF%  #o]#](Yahoo Frontpage)t}.
TF 529 27 FH dugse BAMEF(Covisitation), w8

#](MinHash), 2]a2 PLSI(Probabilistic Latent Semantic

IndeXIHg)O]E} /K—“ 7]—Z] _Gélo];]] -Jé]]ﬂa] ]:]]_}\]O 7:]‘6]—6‘]— O]—/\]—H O]—J‘_J‘a

% (Ensemble algorithm) 2.2 ¥ tH(Das et al., 2007). 7= ¥
2 A A= WE7I8E AHE BA7A] AfeE £3F 33 dagsel F
ZFtHLiu et al., 2010). 72 wav 23 AR F Y 2
(Web log) 715 AH&-S 8{7Fe o] &ab5lA AIske 72 Fd5 Al
Fet} o] o]9fo® FF e o] @AY ks VN ekl
W o] JiQIskE 2 Au|aE FEEkar vtk

oo A% 2008 AN -E thFet Y5 AREste] ApAke] EHo]A
AA FAE FHA oFF w2 F3] 5L ollA AdHE BE
27 obd, oFFe] oltE7t FH e wAES A4S H, o] 8xt

A

S =3 J¥EIF 7P w2 A%l HiA
it



71A8KE 7NI] w2 S AfHlA AR T Goljol thel &

Q] AlEH ol 28l
AR, wAPEA A g
CORE¢] ofoj= Eel= 2= HAF <zl(Content Optimization
Relevance Engine) 7|g &3l AREAtel Al 7018t | 72~ 73 A
H|2=5 Algstal vt

o] 2L HAANM & FH dagwo Hes Bk flsl v
A7k ETh Precison & Recall 2+ (Das et al., 2007),
E(CTR) (Agarwal et al., 2009; Liu et al., 2010), a5 3+t
AL 47 (Liu et al., 2010), RMSE(Root Mean Squared Error)(Aga
rwal & Chen, 2009) & thdst A0l ARSHIT 7P Bol AE-H

= AEE F 72 F9 9 Chu & Park, 2009: Chu et al.,
2009; Das et al. 2007).

71 H|~E(Bucket Test) 52 %3l
v M Z2A2E g ofe+=

B
7]

=
=

Hn NICAy e

127k 7iQ1sks] o} 7= ke s X

s}
N7k F3bel oA g s ks
%

I
ne
=2
2
oz
ot
4
{o,
l‘ﬂ r[.u
)
[
2
1:1:

15) 44 FEE AR AAE Q72 4 dauefE(Agarwal et al. 2008), ©]-&4F
S 2E 7)6ke) 34 432)E(Chu et al., 2009), ©o]-&A19} 729 EAE Aol

)
AE=E g3l Bilinear Regression €aE]E5(Chu & Park, 2009),
R & 2 (Agarwal & Chen 2009), ZEAE ARE &
(Contextual Multi-Armed Bandit) €2lE(Li et

OIﬂo
%
i
)
»

i
Q
)
O
n
>_VL m?‘a

1., 2010) eIt

15
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ARTHAFAIOIISHE, E4 Al 34 @ 15 (2017 38)

. 20155 ", 2014). E=3F Bukd Aol A )
Ulﬂoi MulaEs FAoR g Qs | s
Atk wEbA 7k ofn| iIEE B Au] el ofsdt Butdd o] &
X]'E Al s Mulak JRQIshE WA o= WMEkE Alwdhks Zlo] B
galrtar gt
st ot oy} ri Aus AleAt el Al dAuE
drol 84 dve T3 AZF guh AU BLERE FES 7
710

o7} oA AFAA Fale frovh Fe W o] Aol
RSN Shte] G2 Au|2s SEol] 207) Uisle] ok e E e
B B2 BAS 2T 5 g Aadol Badn At Wy
98 AR ol§Ae i &

X
W] Shele] met o] wE) wjde] L
Hom ARHE AAE FEAIIR ek old@ A4 sl s

o] Tl FHlE 20154 5% g

FRIA(RUBICS)E  'Real-time User Behavior Interactive
Content recommender System o4 F23F drole] 7} HglIal= u}
A WHE01R ot} Rl A= "ol gxte] dFel| dls] ARk R vkg-}
of, 725 FHshs AA'E ovidtt. o] 84} WES 7} Jde] thy

wulel 728 olg3hs v Ha}%xﬂBrowsew%— AR Ay

L9714 Eold A AH] WA16)S ou)shy o] ol =
Az 249 5 olrh dF So], ol A% T ¢t o8
S 05 BF NIRRT FAE AT 99 Hol: olgAE
A QY FAES FALS 5 Uk ol olgAe] A 5
ol mE FH Ajoltt. A wE ofollm i ARl we o]gxt




71A8KE 7NI] w2 S AfHlA AR T Goljol thel &

—

AA AHEE FE el Bat (1" 1) 20161 29 269 &%
Fof AFH Fmo) sASolt FAD

= A AR 2, o84 B o184 Col Al 7
520} ofkE AA F2h F8 R AFR o84 A,
C 9oz AAE ERolth ol§A4 W Aol g Wk 2 5

S AR B 2 vl SRS Folzh vl Asjolt

rlr
jiss

uuuuu SKT & o% 140 e wesec olleh T o% 1:40 @ o 76% WD sses0olleh LTE 2% 140 4 ao% Wy
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. ] 9. Ly
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HISH SRt F24E 40 22 40U 5
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PR AF L DA 4280iCH 2R EF
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SHErRle(o] 017 2 01 W GOCHed P
2] {7, 242 2ol 2424 | AL

7P 9l soited o °2 diE32|

= 50 B3R sHele 22l 88 20l

CGV iatet 17| Sh-ARICH whe} 23 xfaist

“FE A9, 2fAloh WA} 13758 47 Eche

| I ot 7l Fop

A2} FR5A 76724 > OJAZt F2va 7677H >
[ p r -
SEYT0| Wsh=" OIM BE B2 S, sﬂw—*ﬂﬁ QARPY XM HE DI #‘&DI Rk
' Xtz 28 ol OoISHE BIPYA R A2 2E o) Zojer
FYwart FHE IAFLE FHL2 THENZ Z1ALZE 2ol

3
O|8%+ A2 3t O|8%t B2 8t XISt ol8%t Cof Bt

bAoA o|EAtatc
NZ: 7PR)

Qg 1) Fe2of s = o[gt FHo|

Tlal=]

s 24
T2 MBI Z18AE AL T doly A

Fo A= AH) 2~
= doldth. o84

_E[_ gl »~ 7HH1—oﬂ 01.;\1
o]AE]~E(Data Scientist)E°] M40z HF

F9 olgAge] ol 54 2u gl s
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& Fotgh o]folof HAgl ¥ duyEs 7Y
R RS o] 8AfEe] toln, ofwgh A u
U2 A3 vge] Bakd Mu|s o] @AkE ARt
’\]717] D v H 52 dEoAE
SAF g 2908 4] g Aow
= AT Y ol 8AEE & AHE
%“37—‘4% o] 82H(Heavy User)7} ofe} o8} &
L 'g2e AEE o]&xfol Ao|t}
“5‘H’\1L W18t FFe] tisEAQl W
& 7]‘%’_ R o= /st F4E AFsty] offHt o
g, 7o Hesh F U didlel FAA Z1AIskE 71
E]ot=mitl (Customized Multi-Armed Bandit) 2arg]
2ol A&t of7]AM “%%503 olgh W 717k2.9] 722 AlH|
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HEJY =G o] oYL &5 HAI(Slot Machme)oﬂ*ﬂ H]

] med Bandit) 2= 2 24}
otei= Uge &7 (Lever) 7t 7]74101] 2ol e
S 7H E () & A gt Sl ]
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ABSTRACT

News recommendation service using machine
learning: focusing on Kakao’s RUBICS
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We study the structure of RUBICS (Real-time User Behavior
Interactive Content recommender System) and its performance in the
Daum mobile news service (the “News Service”). RUBICS has
deployed in the News Service since June 2015. RUBICS is an

ensemble recommender system consisting of various recommendation
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algorithms, which provides users with a combination of trend
recommendation and personalized one. In this paper, we mainly
explain a customized Multi-Armed Bandit (MAB) algorithm, which
played a major role in the early version system where most users
were in cold-start situations. Then, we explain our performance
evaluation methods and test-procedures which were employed in order
to improve the algorithms in our system. Finally, we discuss the
impact of RUBICS on the News Service by comparing the KPIs of
the service before and after deployment of RUBCIS. RUBICS
increased the average number of clicks per day by 130% and the
average number of news clickers per day by 45% between April 2015
and August 2015. Also, the number of news articles shown in the
Daum mobile homepage increased by 250% during the same period.
These results show that RUBICS is efficient in improving user
experiences and therefore, can increase the number of active users in
the News Service, and enhance diversity of news articles. We hereby
wish to share our knowledge obtained from the development of
RUBICS and seek to help build an open discussion for the usage of

machine learning in the news recommendation service.

Keywords: Machine Leaming, News Recommendation Service, RUBICS,
Multi-Armned  Bandit
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