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Abstract

Bayesian personalized ranking (BPR) is a state-of-the-art recommendation system techniques for implicit
feedback data. Unfortunately, there might be a loss of information because the BPR model considers only the
binary transformation of implicit feedback that is non-binary data in most cases. We propose a modified
BPR method using a level of confidence based on the size or strength of implicit feedback to overcome
this limitation. The proposed method is useful because it still has a structure of interpretable models for
underlying personalized ranking i.e., personal pairwise preferences as in the BPR and that it is capable to
reflect a numerical size or the strength of implicit feedback. We propose a computation algorithm based on
stochastic gradient descent for the numerical implementation of our proposal. Furthermore, we also show
the usefulness of our proposed method compared to ordinary BPR via an analysis of steam video games
data.
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AE U A CufES 0l o] 277EA] AMSARY] AT EE AHFoR EyUs ARE L_]'r/]'
%o FAA 2dY 7IHES AR o]9l 22 HAIAI =Y 5 2 HE] ARSARY] AMEel ti§t
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(Sarwar 5, 2001), 3 & 3] (matrix factorization; MF) (Koren %, 2009)%} 22 7]& A7} Q)
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rui > 00] AFH ARSA-ARE A A S = {(u,i) € U X I : 1y > 0}, AFAF wZ} YA A 3] =)
S HAE AFEY AES IF = {i €1: (u,i) € S}, AHEAF w7F YAIZ S =S HolFx] e v
A AFE AFS I, =1\ LI et T2 =2 A4 ILF 1, ol 3k AEES AR v 373
A& (positive items), A ZAE (negative items) o]} L2 At} wpx|ge g A3 Dgx ol X H

eEEEE

Ds = {(u,i,j) EUxIxI:i€Ll, jel,}.

2.1. Bayesian personalized ranking 2!

Rendle 5 (2009)°] Aekst 7]= o] #| QH/) €18}<=2] (Bayesian personalized ranking; BPR) W<
270310tk Rendle 5 (2009)2 AMEAZE ZF AFEY BEE Aol & 1/ A5 =7} %‘«’%% 7]“5)
B ok &, AR ue F AR 9t 5 FolA AZEE AT AR wF AR B j
ot AFs= A 0 >, jEAL E718H0h o)k o] AoH st ASE >, (FEZH oudA)
A=A (total order)2] 4 XA (totality, antisymmetry, transitivity)& THEslof st =3c}. H|
o|Z NS B AR wit BE i AAFE JETE AZ ek oWIE i >, jOo §ES &F0
Yuir Yuj T TP LR T YBle] ofge} Zo] BRI &, d we Ui, jel,i# o tisl

Pr(i >y j) = 0(Yui — Yuj) (2.1)

olty. A71A, o(z) = 1/(1 + exp(—z))E AlZRO|E 0], o(z) + o(—z) = 1] AY3}A =
ok webA, A (2.1)Y BREL Pr(i >, §) + Pr(j > i) = 12 9283, £33 vgstn gl A%
= >.7F (BEAQ YuloA) A=Al F4AF totality, antisymmetry S X5F 02 wHE3HA| Sic)

ssiols gAY AEEE AT ASY (MBS) WFR B 5 95 2370 gyl AHOE

(1

e = A48
S8 % 09 AEF usl HBE (FEAOE) SolAA Beh 230l gt BAR M 2AN A
oA ARgshE Y, A& o, LA =Y

oz RlFAh. A71A, by, bi € R, pu,a; € R¥OIW piz A B 2301, by, bits AR ust 4
% i) Wol2el 2F0) (REH), pu, qis k71 A ARl R A8} ue) 2Folgk E 9] k7
olApe] FAN & AT 4 Ik

qJe] T AE A (4,7)0] FARTIL ZHFeHAt. 28, AR wrt AE iE A jETH AE e
OHE i >, jv T FE] puiy = Pr(i >4 j) A WIEF0] 22 Bernoulli(puij) & Wt & 4
t}. 33, Rendle 5 (2009)2 FAAAEZD RAAAES vwd u) YDy =wo] ZA)5l= Z42
FEe AR H Ass A& Btk &, BE (u,4,4) € Dsoll taiA i= AR v SR H
FO|A j& RAAGEE SRR T oWE ( >, j7 ASHATHL B3, oHIE i >, j 7F AR F
Holgka 713, g 2 AR Z 9% (conditional log-likelihood) & t-2-3} 2t}
Z log {puu(l - puzj)(l 1)} Z log puij = Z lOgU(yui - yuj)-
(u,i,j)€Dg (u,4,j5)€Dg (u,i,j)€Dg

71 702 (AlF l2) AtsHregularization) & 1eldte] Hfsld (vpolun) 2R 239
=

>0 —logolyui —yu) + Ruy®) = Y —logo (b — b +Pl(a — ) + Ruiy(8) (23)

(u,i,5)€Ds (u,%,j)€Dg
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g AFHoz AVYL o|& BPR-Opr7|Eole} HET. 4 (23)9] SAL ATo]
2.2)9014 goizien A (22)9] WARS b, BPR-OPT o] 3 w1

ARy 4 ( 3
e AL BN 4 Atk TebA WARE b pu. .t 07 H 1 D8] (i) € Dol ool B
B Ruij () 27 { (67 +07) + Aullpull® + Xiflail* + A= la;[*)} 2 o) 2iet.

2.2. Modified Bayesian personalized ranking (MBPR)

oAl B ZAE, 7129 wo|A sk ¥E2 BPR-OpT 7|E] Foi3 UAAs= 25
r 27 ARE AR DAL s > 09 o2 P8 AT DewE AHBUTH AW, A=
W oA W o3 B ohieh Amel 2olE Fsue) dvh SR FATE FaT 2w
< 9t} (Hu 5, 2008; Oard®} Kim, 1998). o] Fof| &Zotste] AR s =] r,, 0] 7] AR, =,
o] AT AT E 37 pEst W3y MBPR-OpT 7]3-& A ¢lsich

(M o g

L@ = Y —culogo (bi—b;+pilai—q))) + Ruis()
(u,i,j)€EDg
= > Lui(9) (2.4)
(u,i,7)€Dg

oA7Io A, (F=e]) ST AR cpivs WAHRIAEN r,; 9o SIHEFE FoA 1 o Ao H317
Ruz’j(ﬁ’) =27 (07 + b3) + Aullpull® + A flail® + A—[|qj[*)} B EH2o] ARg3t} A9k MBPR-

T 7|29 W 2] AR w] FEE ASEE B =y, 7] wel tha A 185k,
Cui- Tui RO WEF S71eH7] wiEel o gt (9 SES BoE AR #siAe U =22 (R)
75 £of & AFoAE Hu 5 (2008)2 Fardle] o3} 22 341ge] AT

cuwi = 1+ alog (TE1> (2.5)

o] &L} o7|A, o, B AF5QU Y E}B}U (tumng parameter) 2 cy; > 0& WEsHAE 243

a% AR AE ¢, W9 (range) o FAYL, Bt cuid FHol T FAYT. Wk o =00
R-Opr 7]&2 7]&2 BPR-OpT 71%4 sLsto], FE7F AATSHE 2 w2 ) sk
4’4% =33 "t
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g
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3 oHE i >, j7t A& FHolgh= 7HS ol }E‘ MBPR-OPT 71+°ﬂ*1 ?43}1 Ie =247¢

St ojele} 2k,

II #s=1011 II »% (2.6)
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Cui 12 BAAZEO| pui :=Pr(i >u j, Vj € I,)Q o1FEE Bin(cus, pui) S W2 1 OJHIET} ¢y H
HEH NS o] =9} XSt &, cuit AR w7t BAAGFERD B A5 AS 5T
3, 52 IS AT AEE o £ 9, 227k Al MBPR-OPT ¥ 7|59 Wy %
2 AE o] e A2 AT E (AR )l st FEA By oz ST 4 Qo

mlo

g, Wol Al Askeslel Ml AP A8 Wang 5 (2012)2 ASAT WE =SS

W 4SS PES B FARE FAAADE Tk QoA AT B OE AR, (u,i,))
12 ENE F A8 uwt FES PW ERS sy, £9 it =R

e 2312 Uehin Wang 5 (20122 Wlol A AASHER ol HABe) AEE wA /1%

Z —log o(cuij(Yui — Yuj)) + Ruij(6)
(u,i,j)€Dg
& AL o171, cuy = 1/(ti — ;)01 1 ES g 0e ARoz FojAth of 43 Sl
Wt 2] ST AE cu; o S Atk =3, Aol Adl cuij = —cuji S UEFEE
PI‘(Z >u .7) = CT(Cm]'(ym - yuj)) = J(C“ji(y“j - yuz)) = PI‘(] Zu 2)

o] AYPFTE oA Pr(i >y j) + Pr(j >u i) # 1Z 2 v]3c}. weld] Wang 5 (2012)914 a8l she
7H @rﬂi‘: >, & totality, antisymmetry 9} 22 Ao $45 TSR] il MASFAE =9} o

4oz Aastele £
Ag e 01—3— Sus] 99 BEaGTIAEY SuBS LAY om% 7122 BPR-OpT
3ol A A9kel Rendle 5 (2009)¢] BBt EsE F1eEe $o) AlEd] Wio] WA Ao|

9" = 9° — VL (oO‘d) . (3.1)

dulolEsHE Aoz FojAtk. oo VLO°Y)e Haststual sk BATS L(6)2 6°'9004 2
gt AEZe R FolAH 5 > 0+ 7+ Yoo EA Y step sized &Jn|3it}y. it AEETT Lae
2 oW T4 29 aTJAE gro] HT A-NA 7Y whaEA ks Fazle $Ed 7101]

Zrokato], 1 W}EFO B step size nu]-Ei. ZFA 207 Sezke H 438t pr YWE Zod, 3
&3kl AARl A YR 2 A 5 A7, p7h R 2, Fagre] AR SHsHA ¢
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Initialize b;, pu, q; for all u € U,i € I
while it does not converge do

Uniformly sample (u,i,5) € Dsg

update b;, bj, pu, di, q; via the equations (3.2)
end

Figure 3.1. Stochastic gradient descent algorithm optimizing MBPR-OpT. MBPR = modified Bayesian person-
alized ranking.

WA, (u,i,j) € Ds7t T2 SR Aok 788k FAK (u, i, 5) sl 4 (2.4)2FE 22t]
HE Vi (0)= tha3 2ol Atdt

PO) s (1= o ) + N,

a0 — ot (1= 0l = yes)) + Mo,

alggig) = —Cui (1 = 0(Yui — yu;)) (@i — qj) + AufPu,

8%250) = —cui (1 = 0(Yui — Yuj)) Pu + A1,

algiéj(_g) = cui (1 = 0(Yui — Yuj)) Pu + A-q;.

ololl we}, QiElo]= Ae thew} Zo] FojArk:
b = b0 { —eus (1= o (v = wil") ) + 20}
0 = 5" = {ews (1= o (wek! = v2f") ) + 2t
—Cui (1 . (yilzd _ yzljd)) (qgld old) n Aufp‘;ld},
i (1 s (yzlld _ ygl]d)) old 4 3 M1,
@ = a = {eu (1-o (k! = o2') ) P2+ Amag } (3:2)

olZ Aestd FEagtolAd=s ¢S Figure 3.1} 2t}

Figure 3.12] &a1g]ZoA $E]+= Rendle 5 (2009)2] 3 wie} F9 Ay 32
0 o|leyA T = A=Zeupy et AL 4 o} Thokst AZ e up ) o

- A==

238 Rendle®} Freudenthaler (2014)5 #Fz3 4 ).

n

new

old
Pu =Pu —7

{e
{
new old {
{

q; =q -7

4. 21Z 0f|H|]: Steam video games A2

o] AolX= AA delgd &7F At MBPR-OpT 7|&E At FAAHE 483 A4
I A= AAEcE ALE3) Hlo]E]= Steam video gamesZ Steam AMS] AFEE Tamber ElolA A g
3lo] Kaggleoll 5713 Zlolth. SteamL 714 917]%= PC Alo]W FEZ, o] ALF = Steam AFEALS
o] AY AFR 7)12S =85l Q) o] B9 WM user-id, game-title, behavior-name, value 2 &
TR AUt A7A user-ide AR IDE, game-title2 AUWE ou|dt}. behavior-name
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Table 4.1. Configuration of data

# of users # of games # of feedbacks
Training data 4,791 3,555 61,494
Validation data 1,207 503 1,207
Test data 1,207 510 1,207

Table 4.2. Samples of the training data

User ID Game Playtime (hours)
297811211 ARK Survival Evolved 29.0
297811211 Team Fortress 2 10.1
297811211 Unturned 5.6
218323237 Dota 2 14.8
218323237 Tomb Raider 8.8
218323237 TERA 0.9

‘play’t} ‘purchase’® FEA|H =0, ‘play’d A-F value A5 AY Z# o] A Yulsid, ‘pur-
chase’®] 7% value M5+ siE AYY FHAREE 12 T3} (FYS AA50]7] wgo] AR 1=
FAFE AU, A7} A thdt AAMS dH-2 https://www.kaggle.com/tamber/steam-video-
games & #1314 nigich.

Qg o] flo]E oA behavior-name©o] ‘play’¢l AET A2 playtimeS WA Az emo g 3
Satqnt. T3 & AEE (cold-start) EAE 3]8H7] 98] Hojx 270 o] 4] AYE FH olF A
A9 Ats Tk a#stgitt. Fdoll AREE H7ERES (validation data)9} B8 A vlme] AREE A
b= (test data)E 7/33H7] 918, bl S AXTE WA, 571 o4 ALS S olst A=
o Zkg oA 7 AREAPE o= 144 AR S FEOFAL H2 AR E FUALE (training data) 2 ARG-RE
th. &3 28 5 4 A5 2F3E ALES 7HHA DR woZ o] ZhzE HUERE ) Al
HARE AR olof whet, I =] AFH (u,4)9 JE St 47 AR, F7HE, APAE
off HEE = Serain, Sval, Stest = VFAZITE 0|23 AP o7 HFH o7 4% AR, B7HAE, Al
AR AR 4, AY 4, 3| =] 2= Table 4.13 2t} Table 4.2+ THAE 5 475 (User
ID, Game, Playtime)2] JEe]2 YeRH Zlo]th

79 steelge sigehe AL pu, i A, F, AR kg, GUlolE A (3.1)llA vERt
A Aup, A, A, IEAL 4] (25)004 FAFY] AR cwol 4TS FE o, p°]th. MBPR-
OpT9} BPR-OPTE Hlial7] 93 Ake] 4 k = 20,30,40,50u}cF o = 0,0.05,0.10,0.15 %
o Holdt o AH3= AL 3tk n= Rendle?} Freudenthaler (2014)%2} Zo] AHEFS
2 F33, o714 n = 012 A3tk v {9 sEEHES SYA A = 1.0,Ap =
0.0025, A4 = 0.0025,A_ = 0.00025, = exp{(1/|Strainl) Suiyes, .., log(rui)} 2 AAFAL. o
1A B cwd F7NZ A Ast F=HE N, dup, A, A9 G 0] el E AL WA 9
3N, (1/[Serain]) 3w, e sy, Cui = 1] FI== A3 ZAolrh

ZF Fstetu e R 2P A3 AL v 2ol olFRTE. [Suain| B FUllo]ETL o]HA wlf Wit}
B7IAE ] s MBPR-OPT 3& Al4tete] AlY W2 3he 2He A1 wibsES FH AR
gt} olu] 7[R o] B3t normalized discounted cumulative gain (nDCG) S Al4rsle] 713 5
ot A& R oES AE3ALE 97|14, nDCGE 4 23S J71E ] ARl &5 5o 3}

=y &

[*]



1022 Dongwoo Kim, Eun Ryung Lee

Table 4.3. nDCG@10 on validation data over various k£ and «

[
k
0 0.05 0.10 0.15
20 0.1482 0.1500 0.1645 0.1667
30 0.1603 0.1598 0.1591 0.1611
40 0.1673 0.1664 0.1700 0.1745
50 0.1562 0.1631 0.1647 0.1643
nDCG = normalized discounted cumulative gain.
Prec@5 nDCG@5
§ 7 2 7 A\\\
g A\-‘A s : N
§ gl | BB .
L= ¢ 2 A ° L
3 < g o
o S o’_’/
e ° BPR : ° BPR
a 4 MBPR a | 4 MBPR
o T T T T o T T T T
20 30 40 50 20 30 40 50
The number of factors The number of factors
Prec@10 nDCG@10
§ b w0 b iy
24 \A
2 /A A ~ 4
e g a o 0" = 2 |a A o
© 0" % Sl /
E & _ (DC) [Te] 7 /Ot‘o
° BPR 47 ° BPR
& 4 MBPR & 4 MBPR
o T T T T o T T T T
20 30 40 50 20 30 40 50
The number of factors The number of factors

Figure 4.1. Comparison of precision and nDCG of BPR and MBPR on test data. For each k, MBPR’s « is
selected by Table 4.3. nDCG = normalized discounted cumulative gain; BPR = Bayesian personalized ranking;
MBPR = modified Bayesian personalized ranking.

vz, WAd =) e vt 2ol Btk AREAL wellAl N7je AEFS 4T wl¢] nDCG,
nDCG, QN &

I (rank; ' (m) € I,})
log, (1 +m)

N
nDCG,@QN = Z
m=1

2 Aol o37]A, rank,'(m)E AR wollAl mAAEZ FAHE AEL Juisit. FEHA
nDCGE nDCG, 9] FFLR, &, nDCGaN = (1/|U)) 3, ., nDCG,@N 22 H o},

Table 4.3 Q12}e] 4= 9} a0 W2 7tz o] thd nDCC@10 Zrolth Table 4.39 % AT}o] o}
g}, 7t k8 E M =2 nDCGQ10E 2t aE A3t @Az ) th3l precisiond®} nDCGE 73+ 2
TH= Figure 4.13F 2t} 7|4, ARSAF wollAl NS AEE 3 w9 precision, Prec, @N-2 T}
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Table 4.4. Test precision and nDCG of BPR and MBPR for all £ and «

k=20 k=30
a=0 a=005 a=010 «a=0.15 a=0 a=0.05 a=010 a=0.15
Prec@5 0.0401 0.0409 0.0416 0.0419 0.0396 0.0406 0.0424 0.0434
Prec@10 0.0277 0.0283 0.0287 0.0292 0.0286 0.0287 0.0297 0.0308
nDCG@5 0.1374 0.1400 0.1487 0.1492 0.1402 0.1390 0.1456 0.1466
nDCG@10 0.1620 0.1657 0.1745 0.1760 0.1681 0.1666 0.1734 0.1758
k=40 k=50
a=0 a=0.05 a=010 «a=0.15 a=0 a=0.05 a=010 «a=0.15
Prec@5 0.0426 0.0451 0.0446 0.0459 0.0414 0.0431 0.0432 0.0446
Prec@10 0.0287 0.0296 0.0304 0.0307 0.0297 0.0306 0.0309 0.0304
nDCG@5 0.1436 0.1571 0.1581 0.1630 0.1486 0.1516 0.1535 0.1558
nDCG@10 0.1674 0.1794 0.1840 0.1877 0.1773 0.1805 0.1835 0.1822

Prec = precision; nDCG = normalized discounted cumulative gain; BPR = Bayesian personalized ranking;

MBPR = modified Bayesian personalized ranking.

S o] Aol @k

I (rank; ' (m) € I.})
N .

N
Prec, QN = Z

m=1
£33 9l precision Prec, QN 2] H4, &, Prec@QN = (1/|U|) > wey Prec,QNOo =2 A o) gt}

Table 4.4 2E k9} ool Wet Alg AR 9 )3l precision?} nDCGE A4FsE A0S vebdith o] 2
7= 53|, Table 4.3°14 37}xk59 nDCGQ10E 7|1Fo g AE3 a7} Al@zrg ol e A= 7H ﬁ-;f
2 nDCGQA10S Zt= 22 ¢ 4 Ul nDCGQ10 &o= R E A Fdozg AL o7t 7p £
qeg HoEr)

=
5. 48

© 2= Rendle 5 (2009)¢] A28t BPR-OpT 7]Fo] YA AT =ulo] 42 ARES HIHo7 8
sHA] e SARS FESH] A6l FAFe ARl 4] FHE 8= MBPR-Orr 7]ES Al
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