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T, seci= 07599 A #t= 7HIo RE AP SA BER7F Gats)

") ¥ (hyperparameter) = =2 Ao we} WA 7153 gt
A= 10002 Ao A3 s
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=¥ 9= =(feedforward layer)
JEEAE 2E GRUS £9 4w wE s A7

=4 4
h7te] AES YEE NAge wEw

st e
N
-9,
)
i,

p

roae

3kslk=

S o a9 5= ¢ AA S (fully connected layen)#tile &2+
, 98 ' WHeY 7 A #3s 28 del| dupy g E@ R ThE A
(weight)& FallAl 257 g gh& o2 vepdn

Ew”xz, forj=1,..,N 2 (3-6)

1=1
2 (3-6)7F o] AL FY, p& P FAL e = 104
NHA Y] oz ¥ w72t Y S ANIT w,E TFES B o0

FH= 7he A #holth

Concatenated | __’N—dimension
Vector Vector
¥ 5. J=xY
AXE (softmax) ol A4 A4t
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Off

2 (3-7)

|
H)

o] 1°]%

1

%

LHERU a2

o

=

Ooll A 1] %k

T
T

-/—\—9/] 7 S(yi)

il

a
=

o

olo
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A 24 A3

o
[4]o14 A 88 7% 7wk AEE S 54w AF=E voly &4
dA’d(data skew)o]l U A5 =2 s LIIFA Xde AV A
ok =RdAE X 1A BEeE A o] 37FA 9] dHolHAS A¥
dolEH 2 ARg3t=dl, RSC159F LFM2 Hit ) S99 #kel Aol7t v
¢ A3 ZFAAY Frol F S Hola glof dHlojE £¥ d & A
< ¢ 7 Uk (F 19 suppe 7S V= AEH TA s YEY A,
log(supp)< ¥ =woA AL 2 7|dk AMEF 9 TA S Yed
k) LA AdREHS Q7= AERE AMEE Ay v X HEEHo
H 2 o= BT ol UAHE AEHo] 54 A& fls=w A
Bulo] ghFo]l HA AE Ao E o|FHAA = ve As & F 3
th oold] Q7= AWt AMZHS 2O AAY WIS Hgste] M=)
5 mdE st A&tk ool 27 2de A AHE agte A
got= 242 22 7|H VR AEHAARE FAE A A&t ¢
21e 2 (3-9) 2 2o
Ao | ww | 9w | 295 | Aaa | wead
RSC15 @ supp 674.12 63.00 | 84278.00 2434.16
log (supp) 9.40 5.98 16.36 11.25
LFM @ supp 384.56 42.00 | 588928.00 3373.29
log(supp) 8.59 5.39 19.17 11.72
BK @ supp 23.89 11 7984 85.92
log(supp) 4.58 3.46 12.96 6.42

¥ 1. 4% deolH &8 TARAE

D http://2015.recsyschallenge.com
@ http://last.fm
@ https://snap.stanford.edu/data/loc-brightkite.html

_18_



(log 5 (supp + 1)) 2] (3-8)
aE 62 VI VIR AEY A 2o 7 VR AEd s AEdE
MER d FES & 50 48T Aolg, & Aol Izt 714
a1, Aol F 100003 &9, AE2+ 1003, 4E32 13 28 =4S
I PEs W, o8 W] wet oty o} A2 FER HEHo HE ¢
At

supp* supp®> supp®
10000 100 1
8000 a0
5000 0.99%  0.01% 60 9.01%  0.90%
4000 40
2000 20
0 — 0 || 0
iteml item2 item3 iteml itern2 itern3 Iteml itern2 itemn3
(logz (supp + 1))t (logz (supp + 1))°2 (log (supp + 1))°
15 4 1
10 3
33.33% 4.36% 5 13.25%
5 . 1 =
) o 0 0
iteml itemn2 item3 iternl item?2 item3 fteml item2 itern3

a9 6. A7 E J¥r AZY 23 Y QY=
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2. BPR-max 7} X &

2] (2-16)9] BPR-max &4 3ol WA R A& Ha7F 7
Z #d FES YElE 2ZEMR G 55 wealFe Fol e, o
arol Shsgol el wep FEFETE ol a2 ]l St 3ol
=EAE 4ol BTG, 2 FF x7)dE AZTEWA e O

FAg W

s, = e—w,whereaz epoch_idx +1 21 (3-9)

27_167 1 k
A7IM aE AAE w o Z(epoch)] 3lFE YEIWE epoch_idr #3
|

stolsisteble k& AHE BT K a@kol 30ld7 HES s g F
N FE Aol dEbE e AL
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A 43 A

Al1d A 873 2 43 dHoly

Ao Ag¥ AHAFEH = Intel Core(TM) i7-6700 CPU @ 3.4GHzel
elm Ee] 4GB & o] FE milolth, #j¥y 7=+ GeForce
GTX980E A&ttt AdolA A& HeolHe F 3T7F=E tad
2t
RSC15: Recsys Challenge 20150141 #|&3F dlojejl o= 2AEYl Fuj
Aol E S S8 AHolth AA, AF HE AT R FA AT
LFM: LastFM-2 AF-8-2}7F At w=go] ofg ~E A8 Ajztoz 4
# odlolgAloltt, A Al AFEAY ARE glolar 1Y oo HE A
H7F §l8 Al A2 Aoz st Al 78k dlolE = W3s
T4 ekl
BK: Brightkite, $1% 7]WF &4 WES A AH|2 HoHZ AMEAE, &
2, AlZte 2 FAdE dolgAlolth Ay Aol ALEA ARE gl

109 o] d& AE7F gle A =R Ade= F-Eske] A4 7t b

oE = et
71E AT[4] - el AbgA AR ololt] s} FE ofelr] Hu, AFE F
g olMlE A7k Ho]HE Abgdlis mdolth Ak dHolE: g olwl
Eo £42 AdsE g2 AlLsa 9 d Q39S Ei AE A
HE mdsw Qud dolois AA AoE &F fy, U= 7
olol g Ao R AR mdolr),

Al B [4]elA Agkd wle] AR 54 HHE F7Iw wdslol
Ad W3k gdo WMsk(FTF, ), A ol 5o Wals dF F3
283k mdolt, [4]ol A AkeE Q171= 7|¥k AME¥ ¥ BPR-max =4
s 2 7|6 Ve AEF Y JteAE 9g e BPR-max &4 ¢
T2 8 e AR Rdoln
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sk dlolE] HE ool
9ol &
A 295 AR5 25
RSC15 7,966,257 31,637,239 15,324 71,222
LFM 1,000,642 18,530,958 5,605 277,301
BK 9,394 580,902 2,074 13,621

% 2. 4% HolH 7|EAR

=]

2= Addl AFEE 37HA dlolH Ao AAd 2 & BolF= H
=2 dolge 545 &eld = St Hole= s Hole e H

E dolg s 7R Tdsg

o

_22_
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Az (49 71E mde At At 2de A5 dolgst mag n

H7he A g ¥ase.

[¢}

1. &Y A5 v
(41014 AL A7)= 7wk AEG} B =Rl Agete w7
Qe AEde] A wasy] e 2% 2dolN A¥d okg

A © RSCI55 AH&sklaL, 2% 7
g HAFE T =Ed A34E vt A7A suppe
]

A71%= 7IvF MEH S log(supp)v 21 7|HF Q17| = AEE S YUERAT

Recall@20 aHolof wE MET ds H|l

0.71
0.7
0.69

0.68
1 0.75 0.5 0.25 0 a

=il SUPP log(supp)

P 7. A7 7vr AEHE 2O 7N AU E AEY AT vl

ad A
A= 2] a=1 a=0.75 a= 0.5 a = 0.25 a=20
supp 0.55518 0.62799 0.68449 0.71023 0.71219
log (supp) 0.71314 | 0.71395 0.71356 0.71315 0.71219

E 3 A7E VI AEHH} 2o 7N V)= ASE BT v
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Abstract

A Session—-based
Recommendation Model using
Temporal Information and

Popularity-based Sampling

Heewon Lee

Electrical and Computer Engineering
The Graduate School

Seoul National University

Session—-based recommendation models are used to recommend items
on various platforms, such as clothes on a small Internet shopping
site, news on a news site, and videos on a video streaming site.
Session-based recommendation models are useful when there is no
past access information of an user. Such cases occur when an user
first visits a site or does not log in. Traditional approaches utilize
similarity-based models for recommendation since there is only the
current short session information about the interaction between
anonymous users and the products. However, such a similarity—based

recommendation model has a drawback in that the recommendation is
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based on only the last selected product. To alleviate the problem,
recurrent neural network based models have recently been proposed
and show good performances. Still, the existing works based on
recurrent neural networks cannot utilize time feature information
because they consider only the order of item selections.

In this paper, we propose a model that reflects users’ preference
changes over time, such as the seasonal changes or day of the week,
by additionally reflecting the time information in the granularities of
month, day, hour, minute and second to the neural network based
model. In addition, we propose methods to increase the performance
of the model by introducing a new loss function and a log based
popularity sampling method. Furthermore, we show the effectiveness

of our proposed model by conducting experiments with real-life data.
keywords : recommendation system, recurrent neural network,

popularity based sampling, gated recurrent unit
Student Numbper : 2017-21079
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