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56910117: MAJOR: COMPUTER SCIENCE; M.Sc. (COMPUTER SCIENCE)
KEYWORD: RECOMMENDATION APPROACH/COLLOBORATIVE FILTERING/
SESSION/TIME INTERVAL/ONLINE RECOMMENDER SYSTEMS
SUMET DARAPISUT: SONG LIST GENERATING USING INCREMENTAL SESSION
BASED COLLABORATIVE FILTERING WITH FORGETTING MECHANISM AND CIRCULAR
STATISTICS THESIS ADVISSOR: JAKKARIN SUKSAWATCHON, Ph.D., UREERAT
SUKSAWATCHON, Ph.D, 109 P. 2016.

Most of research papers in music recommendation systems use Collaborative
Filtering (CF) for generating personalized recommendations based on user’s previous
song ratings or static usage history data. But those researches adapting CF do not
consider behavior of listening to songs and are not able to maintain the systems to
sensitive to recent user’s preferences. Behavior of music listening is continuous and
repetitive process, especially, the latest song listening can infer to the favorite song at
that moment. Besides, using traditional CF, it faces with the scalability problem. It uses
the fully static listening history of users to perform recommendation and requires very
expensive computational time and space with the growth of the number of users and
music in a database.

In order to overcome this problem, we propose an algorithm for automatically
generating song list by using Incremental Session based Collaborative Filtering with
forgetting mechanism and Circular Statistics or ISSCF by adapting Session-based
Collaborative Filtering (SSCF). Our proposed method generates recommended list from
the two approaches. The first approach considers listening preferred song in the active
session for creating recommended list that similar with the past sessions of a user since
the user always listens song repetitively and continuously. In order to avoid
unnecessary memory usage and processing time, we use forgetting mechanism: sliding
windows and fading factors incorporating with SSCF. The second approach generates
music recommended list that regards time interval of music listening by using circular
statistics analyzed. This approach takes into account to be specific in the repetition of
listening music in daily that difference from other time intervals statistics significantly.
From experimental results in the 30 Music and Last.fm music dataset that ISSCF
outperforms SSCF in term of accuracy by using the HitRatio and the precision
measuring. Furthermore, the proposed method an efficient computational time that

suitable for online music recommended.
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Ay (2011) ¥ auetuneuiaiide “Session-based Collaborative Filtering (SSCF)”

! http://www.spotify.com/
? httpy//www.ast.frm/
® http://www.pandora.com/
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2.3 38n15 Session Based Collaborative Filtering

2.1 Fnsa¥esenisuuzii
nsiulavesssuumdvddiannsetindludagiuiinisifinduegrsinsy dwalin
gudayavesdudiuazuinisdidiuiunin nsigldsesnisduAudunviseusnisilugesd
€987n AIUUITUULULIN (Recommender System) Judnunfidiudasluniswugihduavse
uinslinseiiuanureinsvedldangiudeyanivuinalng (Information overload) vive
Frewfiugenugliiussuunaiygdiannseiind lngad1esienisduauuginfeiniigldozig
v o 1 < s al I~ Yo o v | =
wola Asiregraivleanyszauanuduiadalinisleisnsuusindandedlelunisiden

a %

wiedoduf Wy Amazon® Saduumnenideuazdudsie 4 vudumesiinlnenisadng
sensuuzideEnsnsestoyatilasfinsandudfigniesauiudundn (Linden, G. et
al., 2003), Youtube® 1Juiuladdmsusuruinlossulaulnenisadesienisinlonusiinie
FBnsnsesteyaiandsinsunuszialunsive, Ialefildveuuarifleigniusniniu
(Davidson J. et al,, 2010) uaz Last.fm’ W ivledilanasoeulaulagldisnisnsestoya
$alngfiansananuduiusiadiliuaginasiantulunsaireenmamasiiazuusiuee
ﬁaﬂuﬁmmwﬁﬁwau (Calandrino J. A, et al,, 2011)
wediafidedldlunisadrameniswuzihdmsussuuiuzihuueendy 3 335ms Toun
1) "3§ﬂﬂiﬂiaﬁayjaim (Collaborative filtering: CF) (Linden, G. et al., 2003) (Candillier, L.,
et al,, 2009) (Kaminskas, M. & Ricci, F., 2012) (Song, Y., et al,, 2012) Fuduisn1sfineyld

fusgannluszuususihuazUszavaudnsanniian Tngldnisiiarsaneiuveud

® http://www.amazon.com
® http://www.youtube.com

" http://www.lastfm.com
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frelowmuiiedidunureulnenss Wy AzuuuAmiley (Rating) gl Towa (Explicit
feedback) 1Hugu wiennuveulaeie (Implicit feedback) 1 Uszialunisdeloma wde
Usgilumsitamas WWusu Jahlufansandulemuiglédaalsinmionliuiianuade
fulomuiglfinelinzuuuliuds uwiseondu 2 Ussionde

e nInseslayasiulaeiansanINgld (User based CF)

¢ N13nsRsayasIlAENTNNINTIINTAUA (Item based CF)

A15197 2-1 QenuA1ewUs

Heyanual AUNUY
U= {uy,uy, ..., U ..., Uy} \NUDIE LY
M = {my,my, ..., m; ...,mpy} | waveslows
R wvisngAnziuuAugey [M| X |U|
Ty, azuuulewn m; ﬁgﬂiﬁﬂmuﬂma@ﬂ% u,
Tuym; azuuvlowy m; fignlvesuulaodld u;
Tasmy Azluulomy my ﬁgﬂiﬁﬂmuﬂma@ﬂ% u;
Ty, = {Tum; € RIm; € M} RAAZLUUANLYE U laNLYRlY U;
Tm; = {Tu,m; € Rlu; € U} iwarnAzuuLAsTe ARl ULe L m;
T, ﬁhﬂzLLuuLa?{waapﬂ%’ u;
Tou, - ﬁhﬂzLLuuLa?{waapﬂ%’ Uy,
Tm, AAzuuuadsvaslewmy m;

Tuinendnusildaulaitnisnsesdoaiiulnefinnsunangléidundn deadhs
sensuurilnefiarsanfisnss Silunsilanaarinu Wi wduesinnsandeyadlivie
RIGR
funsnvesisnmsidiosinnsamenuedevesdléithumnesugldauduioglugudeya lne
fhetnsismsildlunismeanuadne (Candillier, L., et al., 2009) (Kaminskas, M. & Ricci, F.,
2012) fsaunsdi (2.1), (2.2) uag (2.3)

Wnmsmarmuadeadswuulaleil (Cosine-based Similarity)

Zj(rui,mj'ruv,mj)

(Ei0um)? [£1uym,)?

sim(u;, u,) = (2.1)

wmsmamuadeedswuulalediuulsusd (Adjusted Cosine Similarity)
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Zj(rui,mj _f,mj) (Tuv,mj _f,mj)

2 2
\/Zj(rui,mj _T-,mj) \/Zj(ruv,mj _T-,mj)

IFn1smAIAIINAAEARLUUAFUUSEANSanduNUS VYR NeSAU (Pearson correlation

sim(u;,u,) = (2.2)

coefficient)

YjeMyn Mv(ruirm j _Tui"> (Tuvrm j _Tuv")

sim(u;, u,) = (2.3)

2 2
\/ZjEMun M];(Tui,mj _Tui,') \/ZjEMunMv(Tuv,mj _Tuv,')

TupeuinluAen1sidenieutunlanuadeiudldidmuneuiniign (k-Nearest Neighbor)
iethlumwinmazkuuanuveuvesliidmnelagldauns (2.4)

Duyeu Sim(uguy) [Tuv,mj _Fuv,-]

Puim; = Ty, + Supeulsimuiuy)| 20

Joroyuasisn1snedeyasiufe Joyalowuiioddudviuunndedisuiuiiuy
Al liAndgvanuuiuisestoya (Sparsity problem) waglamulnilignuugiinly
gaglinsegldndngssuuaansnazldlasunisuuginSendymiilia Cold start problem

AMTIMVeLIENsNTesdayaTilaefinnsandiladundnuansianini 2-1

v = . k74
ﬂqﬂ?ﬁﬂﬂaﬂﬂﬂﬁﬁizﬂﬁﬂﬂﬁmﬂ

Y
dantNaut I uRiAuAd8nU

dlddmane

!

AUNBAIASUULAINYAU

!

adresrenisuuzin

a ad 1% ' a 1 ] )
AN 2-1 ﬂ'TW'ﬁ'J@JSUENPJSﬂ'Tﬁﬂ'iENGU@;JUa'ﬁaiﬂﬂﬁlwaqﬁmqﬁﬁlﬂﬂLlhﬁﬁﬁﬂ
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2) 33nsnseailovn (Content-based filtering) Tsn1suugihlomulagiarsanain
ﬂmammaﬂamuuu ‘ FonvesiansnsesieneaninsauurilemlensmnuaLveu
VOIK b diudedesveeitnisnsendenidearldsnenislenuiilivainvane
(Overspecialization) 191 $78A1SINAINTLUANALASINUY NIONNBUASTTAITIUL N IAY
e Wusiu wazdesnisauaudiveslowmudiuuinniiiisselunisasisssuuiusiiiuey
mngntunsaiaguautAvesloms Wy winawIedayalnIaInuns fie8198958UY

o a" Yas dy S 8 4" <3 o v wa
wuginlgisn1snseniien e Pandora® dalussuunuzinngs lneszuuazldnuauds

A A = a0 3 v =~ A =~
YDUNAIAD ASIULASIAUAS Vous1vaIRaStHHLasEgIUTEAUYDIATOIAUAS

3) ATN1INTOIMUUNENNEIU (Hybrid filtering) T mATIATDAUDIIEN1TATOITINN
nanfuTenUeIisn1snIatleonieasraduszuunuzii lnudenosvadiSnisiAsfenis
Joyatnuuinntunisadisensuuzihdsldumnzandmsuunsssuundivddiinnsetindd
Toyainuiutey

2.2 ywAdeiiieades

2.2.1 ywAdeiineadesiussuunuziiwag

Jae Sik Lee wag Jin Chun Lee (2007) Yiaueuiveides Context awareness by
case-based reasoning in a music recommendation system (Lee J. S. & Lee J. C., 2007)
Waueszuukugdunadaglusummenudeyaanmaniminislunskugii lngauide
hindrdeyalasnisld RFID (Radio Frequency Identification) @l Audeyavosilduay
Joyaan1meinianiugesia uagldisnis Case-based reasoning Tunisuuzinnas wa
n1sneaeslsingitnistduiunnisauanineiniadiniitlvaiugnieslaelddiin
UsyAnBn o Precision #n1138M13 Case-based reasoning WUURNLANES 8 % usigados
vo93nsifedinsfuteyadlifigsenuarisnevhszuuuugiivesiiteddedosting
Auesdanufundunsdiuisuiiouiiionuztindsfinimegeen waziilonsdfigltuindmnl

Y

o

nssfuasdmudntiegevhlinsuusiiliiiussavsam

Chan Ho Park uaz Minsuk Kahne (2010) #ausuiseises Temporal dynamics
in music listening behavior : a case study of online music service (Park, C. H. & Kahng,
M., 2010) Anwdsfifmsiunaiuazauveuvesg faiudsuly Tnefiansannginssuves
filamasnnusdalunislanasesdld naasuresmidoiuandiifuindonandisuly
filavzingdnssalunisilanasiiuasuly Wy asuuuauduazuuadedgnilannludia
pounasALdInssiuduAuLLImady masul Taaagnileannniuuusuddeuluriagg
nunalugeseumamuaudUeuazgnileunnndt waznisilamasesdldanadluiunya
wazgnilasnniigalunan 5 lwadu daudimasildsuamnudouaddfinausyana 2 dUanid
illdunuisugeaandmniufaranasdos 1 desduldilunsilanasdanuunnss

8 http://www.pandora.com
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MnmsgnIneuns, 81w, esdulsiuandemdumaziilanasednisitslunasseu
Fauansdanaciturounaznslanasiuamisarhiuiuianssusulafunnsenien
Ju

Yading Song wazAny (2012) B1iaued1uideiies A Survey of Music
Recommendation Systems and Future Perspectives (Song, Y. et al., 2012) Ta g @nu1
FBansadunenisiwasiazuuziliiugildasonzaudsiadu 6 38ns ldud 1. 38nns
finsandoyainas (Metadata Information Retrieval) {uismsfidglunmsaumimasiagly
Fownas, wuunas, Ratuvtoutedoadudu 2. 1BN13nTIBYaTIN Lngia1saNIAINARTY
yosfflandeinasdmivuuziiwasianingilsiurey 3. 3Bnsinsigiainides (Signal-
based Music Information Retrieval) tagfiansundesdosvasnasiiinuadiodulunis
A5958N TR LTI INAY WU 13RI isveunawTednvarvendeeeanionses
aum3 Wudu 4. Wnsiesieiannensualveanas (Emotion-based Model) 1uisnsasns
EMsnaIINesHalveunadaei TN UluuvendeTes, Ysinas, LUNawIenIs
Usvarudeslunisidiensualveanas 5. 38n15W15uuIunvesdoya (Context-based
Information Retrieval) "“J%msfj%a%ﬁaiwmmusﬂﬂ@aﬁ'«mmﬁaaﬂaﬁu 9 LU AUARLTTY,
mMs3an3ed, Anuduiusveadiou (Friendship networks) wa Tag uenwiiaainuseiflunis
Hanawmsotoyavotnauazyila Lag 6. N1INELITN564 9 (Hybrid Model Information
Retrieval) 1Ju3Ensuuznnadlnenaunalsinisfindnundsduiddne fuiold
UsgAvEnmnmsuugihiieugndeafissniu

Jen-Yu Liu k&g Yi-Hsuan Yang (2012). ﬁWLauamuﬁﬁaﬁm Inferring personal traits
from music listening history (Liu, J. Y. & Yang Y. H., 2012) Tag91uide $adnwnia
Aanuazlldy (Demographical information) Tun1sitamadlagiansanetguasinavadsils
wad Tediasiest 1) nanlunisilanas laun dalus, Yuseduaviuaziioussd 2) wasuay
Aadu 3) Audnvuzvandusnas laud Ad, ame, seauldes, viues, 1uum (mode) wag
ANAY @15UIDNNSTUNTIASIEYAD Support Vector Machine (SVM) TagldisAdu Redial
Basis Function aUs1nginnsiiansaneenyiuiudedunilinainani 61.4% Aeluiu
g lng (@18unnda 24 Y) Insitanasunnnindesu (e1gtesnin 24 U) Tudurinau
drungaieuinsilanasnnndi dunsiansandanevesgitanaUsinginnisitanasiu
HlusseTulinadnsainngnl 57.1% lnefmdazilanasnnaniivag 19 winds 22 uiim
dfreilanasnniigatae 6 wrinida 12 uring dmduinasazAatu Tunisilanadlag

a [

finnsanergfumsilafatulduadwsi 71.1% nmsilanadaefiansanmatunsilanaslina
SnET 66.1% Fagadesvesauifuifonisilidoyanisuanndlugudoyatenafinan
Aawanaldunimszlunisadasaundnvesgldamnsaiuinlilddmivimauazeny g
vnedsgnaifnnisiiglénsendoyailiiuanueidiifuszuy

Marius Kaminskas 8% Francesco Ricci (2012) 1i1tauo31u3d81309 Contextual

music information retrieval and recommendation: state of the art and challenges
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(Karninskas, M. & Ricci, F., 2012) Inssiduiildtinausfassuuuusinnasdauandiiiuds
vunvasldianuddganlunndenitanas Tnenuideilliuladoyaviunesssuy
wuzimaseendu 3 Ussunmie 1. USuniieadestudanndeu laun Sﬁaa&aﬁlmﬁ’uamuﬁ,
foyaiferiunaiuasdoyaiisatiuanmeinia 2. usunilieadugld 1iud Aanssuveld,
Toyadiuiiveeytd ware1sualvesyld 3. usunmenudadiiiie laun Jeanunazsunmn
Tavhluiimsnudeyauiunszninuiuniiiedestuaanadenfuuuniieddugly wu
Aanssuluusias fursonslideyadiudmvesldunauiudayausunaan \Dusu

Shuiguang Deng wazAne (2015) Yriausuideiias Exploring user emotion in
microblogs for music recommendation (Deng, S. et al., 2015) 941U73 Foivnauoisnng
wuztnatlaefiansane1suaiveg§a1n micro blogs Aeviuleddruesulatl Sina Weibo
Fs9zyiimsinseiorsusianan i TIAURNTINTINIET (Time window) YBaus
azgfilslneliiBnslinsesidernudauisszdvvesensualoonidu 2 udensual (ersusiuduan
, 915unludav), 7 wdensualuay 21 wiesual Amsuismsviuigdrarkuuauveulay
Uszendldismansessiulaefinsangldwazinandundnlagldisnmsmanuadewuulaled
Tunsmauadevesesualveadld annanisneaewandbiiitiuinansualvedliisvana
Tunisidenilamasuazidnisnsessaulaefionsangléidundnliniugniesinanludain
Usgndnm Hit rate

2.2.2 nuAdeiiRsawatulunisianas

Sung Eun Park waganly (2011) Yausauideiios Session-Based Collaborative
Filtering for Predicting the Next Song (Park, S. E., et al, 2011) Setinaueisn1suuziinnas
fFundn Session-Based Collaborative Filtering (SSCF) dsfiansannginssuvasnisilainas
vosffilsdifinsilsduardinmadunasiifuddudeiiemiowadu (Session) Ingluidnis
uugiumasliuszgnaliisnsnsesdeyadalnefinsainasiignildulsasiaduunuiives
MsfinsanAINTeUvesdiliaudu annanismaaedugiudeyaimas Bugs music Tngld
FBnnsiauszanSamAe Hit ratio (HRen) FudumsiaUszansamanugnieswessenis
LLuvﬁwﬁULwaaﬁs’iﬁﬂLﬁaﬂﬁqﬁmlﬂ HANNSNABBILEAIIALTIUTISN1S SSCF iﬁmmméfaaﬁ
AN1135N15N 7993 UULAYL (Collaborative filtering) LLmﬁmiuhfmemmLwawmﬂﬂu
{]awumuammmwmawaﬂmﬂwmvuuua LN@%@N@“U@QLW@QLL& wﬂamnmu (Scalability
problem) ‘1/111‘1/1mmf]@ymﬂumuﬂﬁuawﬁﬂwwiuﬂWﬁmmmummmgnmawaamiaimiwams
iassugt gl

Dias, R. WAy Fonseca, MJ. (2013) ¥1ldue091udTe1309 Improving music
recommendation in session-based collaborative filtering by using temporal context
(Dias, R. & Fonseca, M.J., 2013) Feinauaisnisuugtnnasfiisenit Temporal Session-
based Collaborative Filtering (TSSCF) Tnsdanguaatulunisilanasvesgilalagld
Gaussian Mixture Model using Expectation Maximization algorithm (GMM) FafaT0
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I8V AU NAIAD 1Ia1209TY, TueIdUAN, Tuvahey, WaULATAT Session
diversity lumsiunasnsiaiuveinisilesn Tngldianmsuuzdinadedsnisnsessaulng
finnsuwaduvesmsilanasunuiinsfionsanaiuveuvesaudu tngldnisduinniig
adeveumatuiieglunguiieaiu anuanismnaesLandiiuinisnig TSSCF fimnugndfes
1NN SSCF Ineld38n1sTauseansan Hit ratio @ wiun1siaUseaninmanugnaeewe
Mean Reciprocal Rank (MRR) 38m3 SSCF fimugnoannndn TSSCF agndlsfiniuigmsi
Souszyndlidmiumuuziimasuvosuladenafinuilivingay 1wy nsdmusdnou
nauvesilsmunaniidesdsulunuanuveuvesilwsomaswesuiuvludlagtuvosils
LAZNITAAUATIUIUAINITITLN DA 9] U89T5N1T GMM

Oscar Carlsson (2014) WiaueATeSes Cluster User Music Sessions (Carlsson,
0., 2010) ldAnwngAnssuvesnisilanawesgflaionesdanuilindeninaaguves
foya Insdanguwatuveanasignilidasg#laaingruteya Spotify Insléismsdanaude
1ATlUd (K-means algorithm), tafludney (K-medoids algorithm) Lagn153ANguRUUAIAY

(% [
o

Yufie Hierarchical Agglomerative a1nuu3SN1sMANUAaawuUlaloldmsulnaluions
Fangu Mnuaaguvesteyauandiifiuisnauuesiuinamidenguvesesuainasiifiledy
youlun13HesIuAY 19U NGUVDIUUINAY comedy UTENBUAIY KUILWAS Bubblegum,
Comedy, Swedish Pop Wa¥ Brithpop smﬁﬁﬂa;maaLsziasﬁ"uLLamTﬁLﬁuﬁw%mmQﬁa L
iwaafilABdIfumAnIa Christmas azgnilaamzdraieusunaunansdifiudauiund
Aeadastuna aneifeiuandiifuionduuoanasiifintusaufulunisilanasds
annsailiUszgndlddmiunsadussuuiusiviotedndulalusunsnaindmiuiia
gonvglusuAwaseaulal

Ke Jiwazay (2015) Uiaus1uidoiios Next-song recommendation with
temporal dynamics (i, K, et al, 2015) laasiesienisiwasuwuziliiugile lngn1siansen
mm%amaaéﬁﬂmwzgﬂg (Short-term) #2835 Time-based Markov Embedding (TME) R
Ainszvinnuiiaziduveanasiinzgnidenildnld Tnsfansuwasiuinasdignils
Aoloaiy, Anuaulavesialuszeze (Long-term) ¢els TME Fehnszvanuuany
yosflatumasazawaulaluwady (Session-term) #e38 TME Fdilaseviniuniozdy
yoawwaduiuinas Avualinisugailamasuiunit 1 dalusfionsandu 1 wady ués
finrsanferuwouiiuasulununa (temporal dynamics) Geuamnutiaziduves
wasiignidenilednluluusazdrsnm Mnransvaaeuandiiiuiisnisidiauoainsa
Iiadugndeslunisiugdunasininis Bigram, Personalized Bigram, Logistic Markov
Embedding, Personalized Markov Embedding Iagl4i5n157nUse@n801N Recall uas
Precision Tugiufioyama Last fm agslsfimunideiinuusiinauuuoonlatiuaslsl
finnsantrsanlunsilanastsdsuaiensidonilanasesdils
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2.2.3 ideiisandrsantunisilawas

Linas Baltrunas wag Xavier Amatriain (2009) 1lauas1u3dsi3os Towards time-
dependant recommendation based on implicit feedback (Baltrunas, L., & Amatriain, X.,
2009) TnssAteiinisfinnsandrsnatlunsitanasesgitadiundrslunisadrsssun
wuriwaslagldld Factorization based collaborative filtering algorithm Tun1svinuiean
ATLUUANLTBUTDIILNEY Tnsutadiaaattumsilanasesiilseanidu 3 gatoya lawn
1. YIRPBULTILAZABUNANAY 2. TuneawazTUNaTY 3. fasouuagavu1 31NUIdeY
fuandiiiuirdeyauiunmedunandislissuuuugiiiuss s nmaugndasindd
Fen13nseeTnLuuinlagldisn15inUsedns a1 Mean Absolute Error (MAE) udignnae
vosiimstiAeliannsouusiinadunarfiruieatuld Wy nsuusihAatulunandly
Juiuldvseuuzihdatuluiuneavewmeuduls 1Wusu

Toni Cebrian wagAmy (2010) Hiauesiuideiios Music Recommendations with
Temporal Context Awareness (Cebrian, T. et al., 2010) YUAUDTEUULUZUILNALAY
finsandeyauummenune deldutsteyagilsoanidulusinddes 9 amnaianteya
was utadu 2 yadeyaldun yad 1 Ae Fraadn, Frananansiunaztianandu uazyn
7l 2 fie SuhauuazTuvgn Tneldnaguarsfideulusing (Cartesian product) Tunisains
Paanarfimuiietu wu seudluiungavdensuduluiuinu dmiuiBnsadenens
manuzth gl diureuldliisnisnsesteyasnilaefiansangiladundnveusazdianan
uigndosvesAfeifodmiugilsunnuainazveuilunaduvastalnetiaaives
Fuldiidvanalunsidenilanasoils

Perfecto Herrera wazaae (2010) liinauesuddeides Rocking around the clock
eight days a week: an exploration of temporal patterns of music listening (Herrera, P.
el al, 2010) TneAnwmnuveuvesfld FeiarsanglifuAatiuuazgldtuuainaniionaily
nsitanaswealfidsuly ananufgiuresnuitedfelusasssezina wmilwostuvde
dUavi r}ﬂ%ﬁ]%ﬁﬂ’]i%uﬁﬂLW@QQ};"ISLULWBQVII%U“U@U (Temporal pattern) %qqquﬁléﬂ%’%%amm
uarAatuan Lastfm lnonsiaszsiaffiBem (Circular statistics) Beuangaaadl
aglusuidau (Angular scale) uaimelduidsadngaudnanvesiuiinamiefaly
(Central tendency measure) LLasza?{maqmmmanﬂL@@%L%aym (Mean resultant
vector length) tilafinnsanuudlifunanlunsils@aluvionunnasvesld 91nwanis
naaeswnuigisiinsilifialuvdouuamasiiveudlunistamesnat Tnemsitanaduung
Aatuvesflélunndunviuansliiiudeguuvumsilanasiidnou daunsitanasing
frsandaumaInuitluategldinsilamasmusuimasladvseidn diuutaauinisile
LNAIMURLANAIBE9N

Markus Schedl uazmaiz (2014) Wiaueuideisas Mobile Music Genius: Regeae
at the Beach, Metal on a Friday Night? (Schedl, M. et al, 2014) laiauaidsnsas1essuu
wugdnnadlagiansausun (Context) vesgilaaindayalvuigesuazdoyaliaiaine
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gunsallnsdmindouiiunuiinisléninudniivvesiildlnensa (User feedback) 1ty Azuy
Auwey (Rating) 1asannnuddvdiuannlildfiansanuiunvesdilslunisarsomsmas
wusnagdndudoddanufnfuresdils fufulumadeildinmasaiunosdis
fio Frananvesils, an1udl, anmennie, Aanssueng 9 SawiuIBnsiunemuveulng
laluwna C4.5 nuan1saasslun1siUIsuiguAiuIsn153IMUNUTLLANUUUAIG 9 15019
ca.5 Wanugndesiiffign

Yajie Hu wa® Mitsunori Ogihara (2011) ¥ iausi1uidaiios NEXTONE PLAYER: A
MUSIC RECOMMENDATION SYSTEM BASED ON USER BEHAVIOR (Hu, Y. & Oguhara, M.,
2011) %qﬁ7ﬂ133§1q5'§ﬂ15l,1,u3ﬁ1Lwaﬂ@aﬁwﬁﬂﬁqmwmawmé’ﬁa, sunuulunisilanas,
wadlual Ingldisn153ias1gidaaian (Time series) Ao Autoregressive Integrated Moving
Average (ARIMA) Tunnsiiansandrduvesnsilauuainasdsazyinunenuinasiigilsazile

a

dalusauds Recording year wagisnisiiinsanisdsaaulndvoanadinenisléiznis
Forgetting Curve uaﬂaﬂﬂﬁiuﬂwu‘iﬁaﬂfﬁﬂ’liﬁaﬁsmwGU'NnaﬂumiﬁqLwaa%aﬂﬁaﬁmwmau
Fdsulumunalaenisldiins Gaussian Mixture Model Tunsuszanassnauinazdy
ﬁLwaa%Qmﬁaﬂﬁuawwmm mﬂmamimamLLamﬁﬁ%msﬁﬁﬂLauaﬁmmgﬂﬁaamﬂﬂdﬂ

FEMTNANRUET UL

2.2.4 UATeiiadreiinmsuusiuuuseulay

Manos Papagelis wazani (2005) Yiaueuidodes Incremental Collaborative
Filtering for Highly Scalable Recommendation Algorithms (Papagelis, M. et al., 2005)
111dueidn15uuzU1Ae Incremental Collaborative Filtering (ICF) TaguAUeyuinas
Ussuianadoyaiiiusunamnn (Scalability) Fsilin1sdnianisnisadissionisuusiniled
foyayalmitdun (ncremental update) unuiinsdwalunuusenladd@eldnatlunism
Aupaevesldilu 0(m?n) warnisvinemaziuuanuveudu 0(n) Wieasesenis
wuzuuvseulatidu 0(mn) + 0(n) F38msfiiaveildinanlunsimuaiitinits
dosisnsiinaneldnarlunismenuediedu 0(mn) Lﬁ'aﬁpﬂﬂﬁmﬂumumwmauﬁu
dudlniviedumidegfunagltinalumainneaniu o) Taeil m Aeduglduay
n fesuiumalainuan saasuandliiuiiiinig Ik Wnalunisfuiniisind
11NNI1IBNITNTVITILVUIANLAZI ANz aNiUTsUUL Uz luluueaulall

Catarina Miranda ua¥ Alipio M. Jorge (2008) nauei1u3dui3es Incremental
collaborative filtering for binary ratings. (Miranda, C. & Jorge, A. M., 2008) lai1iaue
38013 Incremental item-based CF gauAtlymnisuszananateyaiiviananinlaenis
Fmnumanuadgvesdumunuiltiiemanuadedefldlasuuududlniniodld
é"wmmzLLuuﬁuﬁﬂLﬁmﬁﬁagimzw (Incremental update) 31nRaNITABDAUITBULABUAU
EnsnsessannuuinandiiuI N iaueiiussans aminiislugiunnudily
NSANUIULATAIINYNABIVDITIENTHUTLN
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Xiao Yang wazAme (2012) Widueuideiies Scalable Collaborative Filtering
Using Incremental Update and Local Link Prediction (Yang, X. et al., 2012) Tadnaue
75113 Scalable Incremental Collaborative Filtering (SICF) ?&QLLﬁﬂmmmiﬂizmawasﬁauﬂa
AfUnasnnlagliitnansesiisumiunsdmanteyaiiazyadeyaiilefideyalnidian
Fefinrsanmnuadevosnneunslugiudeya Movielens waz Netflix drmdunisufidam
AINUUNUNVBIUBYE (Sparsity problem) 16l438n15 Link prediction lagdnaeen1sniaig
adrolusvnvuvesnsiiileldauant@nisdrenon (Transitive) veansnllunisnn
ANUFNTUSVRINIMEURS NNaNITAaedluNTInUsEEVEA MM TYIUNgAIAINNABIAIY
MAE uag RMSE a1snsalianugndesiininisnisnsessinuuuifusiuiaddinailuns
AMunafinaiiniinmnsessinuuii

Joao Vinagre hag Alipio M. Jorge (2012) Unta@uadnul SEIEER Forgetting
mechanisms for scalable collaborative filtering (Vinagre, J. & Jorge, A. M., 2012) 1L@us
75119 Forgetting mechanisms iamﬁu‘i‘%mimaaéwLLUULﬁmﬁauﬁﬁzymmumﬁﬁayﬁ
(Scalability) LLazLﬁummgﬂﬁ@ﬂﬁﬁﬁ%ﬂﬁil,t,uzﬁw 103315 Forgetting mechanisms &3
GuBsmsdmivanmnudfguestoyaiiniieuansisruveulutiagtuveslduisooniiy
23501509 1. Sliding windows aaﬂﬂiﬁﬁ]ﬂim’]%UW@%@Q%}alﬂaﬁ%’mLL‘U‘Uﬂ\‘iﬁ (Fix-size
window) uaz 2. Fading factors Aensliarudrdnfudeyalmilasnisliiminfudoya
I1NHANITNAABILANILTAYINITN1S Forgetting mechanisms a@1unsaanafildlunis
AMuaiaymhenud it usulsligmnsussananateyaiifumasnnuidaneds
armgndadlunisuuriumas uenaniisnansestoyatanlagléis Fading factors faru
manzavdmiunssmendeya Tutuvseulatunnnii3snng Sliding windows Faenades
FU9UATe Joao Gama wazame (2014) 11ausIUITEI309 A survey on concept drift
adaptation (Gama, J. et al, 2014) 1¢uus38n15 Forgetting mechanisms sanidu 2 35a15
A 1. Abrupt Forgetting Aan1sanAdudAyvesdayaivuriuiilagldvoyaiiesundiuluy
NM5Aa15au7 (Partial memory) wuseanily 1.1 Sequence based ABAITAINUATUIAVDS
foyauuuimuaruinasil 1.2 timestamp based Aon1simunvuinvesteyaniaiuian
Y8458 UU 2. Gradual Forgetting flan1sanAdud1AgvestayaimIenisiiaudAyves
Gi’fagaimﬂm81%6&7@;361uﬂWiﬁmm’]ﬁgwm%qLmﬂsmmﬂ Abrupt Forgetting Taaiin1slian
hnifnaueanilasivesdoya 1wy 1151438013 Linear decay lunisanaudndnes

1%

Joyalagiansauiunamgnintisiuiu Exponential function
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2.3 35113 Session Based Collaborative Filtering

7813 Session based Collaborative Filtering (SSCF) gnuauslag Sung Eun Park
wazmniz (Park, S. E., et al, 2011) Tnednausisnisdmsuasesensmasiazuuzinliiu
fil Fefmnsanwatulusindvesdilanasfomasiignilaegsseiiles ilesangileinginisits
wastnfindefuisadulusin Wefildldfinsflananfund 30 unitegRinrsundu 1 wady
Feanfunisfinnsannsilwazadulunsilanasudindludsisnisnsestayataslag
THeadulusindunuiivestusiidvesdliaudu wananmsaunisviiamuedisnig SSCF fa
Al 2-2

e ——
grudayaiwas

WAIUABIARITD VAU

v

= = o =l
LABNANIUNV LAY

Y

VUIEAIAZLULAIUYIULWAY

v

#519318n156aY

v

5 &

gis
Y

AN 2-2 AINTINNITNIUVBITENT Session based Collaborative Filtering

TURDUKINVBITTNTATNIIWNT Ntk UI AR TAIAUAI 8 asgatuiagiu
(SSgs) fuwatulusfnvesdils (ss,) IneldiBnsmeuadauuulalei@adunisiiansen
ANuARIEvBLNaIngnitaTNiululdazwaty deaunsi (2.5)

Zj(rssas,mj'rssv,mj)

(Ei0ssasm,)? [Zi(ssym,)?

sim(sSgs, SSy) =
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L Sim(SSqs, SSp) e AuAAIevearatulaqiu (SSq,) Nuwwatu (Ss,)

SSgs, fio watutiagtuvesgiladmng

SSy Ao wwatu v vesils

TsSasm; fio Anudvenmad m; 1uwa%"uﬂﬂﬁ;ﬁ’u
Tssym; fio AudveaNas m; Tuwaty ss,

Mndufinsueatuifaruadetueatuiiogiunniiaalaglin siarsaisady
frafssdadanuedefumadudmnenilgadeds k-Nearest Neighbor (k-NN) dunou
dnlUraIn15a519518n15WaEENABNITIUIEAIAZLUNANYBUTBINT 1Lnas Loy
UsggnAldisnsviuneavesismsnsessulaefansanditadundn daunis (2.6)

Zssves sim(ssqs,SSy) [rssv,mj _fssv]

= _
Pssasm; = Tssas Sissyes)SIM(55as55y)|

[GI Dssqsm; f0 ANITVIIUNETDUNAS T Maatudagiu (SSqs)

Ao Ammdveawas m; luwadu ss,

rssv,mj

Tes Ao AnRfgveINsitamasiwatullagdu (SS,g)
as 9

Tss, A9 ANLRABYDINITHINAINATY SS,,

JunauganigAanIsaseTIenIsinasiazuusilafugile lnefiansunaazuuy
ANUYBUYBILAAINALTEsEIAUININN UMY N inas
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MUY NNYIVBINU ﬂq‘di%ﬁ\‘iﬂ 9N19 Nﬁﬂiq‘l.l gm%a;&a
FEUUBULUNNAS
Lee J. S. & Lee J. C., 2007 | @a¥19szuunuzinnailaefiansmn | Case-based reasoning s7ufiufiansm | aruisaifinadiugnaselidu | danudeyaies
UTUNMIudeyaanIne N UayaanImeInIe 318N UrNANI1IBN13 Case-
based reasoninglhUUAdLAM
Park, C. H. & Kahng, M., | Anwmgfnssuvesilanas Wiguigurae 9 wuawassedalulu | vrsluawasuse@alulinasilean | Bugs music
2010 2791787679 9 LANFINAINTINIAIDU
Liu, J. Y. & Yang Y. H, | Anwigudnuazidelunisilanawes | iasigviuasidieuiisuusunvesiilede | glndiengunndn 24 Yinasils | Lastfm
2012 R varlunislawas, iwasuaz@ady, | wasludwihauuinningldng
AN wzvaInsilanatlagldis Sm RREVGEeY

Deng, S. et al,, 2015 WinAugneedlaeiansunesuaives | \WIgulisudsnis User based CF uag | 15n15 User based CF 1¥ina | Sina Weibo
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Park, S. E., et al, 2011 U3UU33m1gnHosu89518n75imAs | Session Based Collaborative Filtering | a1unsarfiuaaiugnéedldinda | Bugs music
wuzihlaefionsanwaduvesilanas | (SSCF) ABn13neITILUULGN (CF) lng
1df3n HitRatio
Dias, R. & Fonseca, M.J, | U5uUgeninugndeavesnisuuziit | MM lunisdnnguiranavesgilesindu | auisatfinaiiugniesinda | Lastfm
2013 waslagRansanwaduveadilamas | 38015 SSCF138n41 Temporal Session | SSCF Ingldfain HitRatio
SIUAUTIAT Based Collaborative Filtering (TSSCF)
Oscar, C., 2014 AnwrAuduRusveswadunisils LU%‘EJULﬁaﬁ%miﬁmnduma%’uhaw K- ﬂfjmaaLLu’;Lwaqﬁﬁmwmé’wﬁu Spotify
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Baltrunas, L., & Amatriain, | tfidA311gnA83v83518n15inadlag | MF aududiaiaivesilaudazdnanan | ansaiiuaiugnaesini CF | Last.fm

X., 2009 N1savanalunsienas (micro-profiles) lawn 419141, F2atdu, | wuuia

TurgauayTuvinnu

Cebrian, T. et al,, 2010 Winmugndeswessentswasiniv | [iSaideulusandiudaniaisig q | aunsasuzdunaddudawiad | danudeyaies
wilelgymdrnaariauifesiuves | suwiuisnisnsesdeyasou AULABAUle LU g0
micro-profiles Tune

Herrera, P. el al., 2010 AnwingAnssulunisie@atiuniewus | Circular Statistics Yk nasiinsianudaluune | Last.fm
NAINHNSSURILANF1991n9 987D Y %9IANTANAIAINTINIADY

Schedl, M. et al, 2014 asreszuviugihmadasiinsanuiun | Mluealunisswundsziansoudu | Bnisdwundssaniagld ca5 | daiudeyaies
vosgflsuugUnIailvsAnsiiadeud fAUNUTUNVRITLNGS TN aNSNAgR

Hu, Y. & Oguhara, M, |@¥1eszuusuginnaslaefiarsmn | 38015 ARMA Tinsigsimasignilsluus | 35n1saidnaueliainugndes | danudeyaies

2011

NOANIIUVDIINA
Y

a¥yIa7an, 35 GMM ﬁmwmmﬁ%gﬂ
taonils uazld3s Forgetting curve

Fusukuzdiwasing

ANTINMSUUL A UUEY
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m15q0v12—5awuaaavnﬂaa%QQﬂU5zuuuuzuwuuuaamﬂau

NUATBIZULLULIN ingUIzeasn B9 AGLE) gudaya
wuuaaulay
Papagelis, M. et al, 2005 | wilaUgminisuszuianatoyavuin | Incremental Collaborative Filtering (ICF) | 33015 ICF @1usaduaald | daiudeyates

Ty (Scalability problem)

59159091 CF LUl

Miranda, C. & Jorge, A. M.,

2008

wilalgmnisuszananadeyaruin

Tugy

Incremental Item based Collaborative

Filtering

aunsaiiEANNgNAedlaandIg

ICF uaganunsaAalasinigg

Economics 8 ¢

learning

E-

Yang, X. et al,, 2012

unladaun Sparsity hagnis

Uszananadeyavuinivg

35015 link prediction $uAUAS ICF

A1UNTALNAIIUYNABIUAE
Arululasinisininds CrF

LUULAY

Movielens, Netflix

Vinagre, J. & Jorge, A. M.,

2012

WINANYNFADITDITIENITINAIUAY
wilalgmnisuszananadayaruin

ey

38113 CF 591U Forgetting mechanism

A1U1TALRNAIINYNABIUAE
Arulrulasini3ininds CrF

LUULAY

Jauiudeyaies

%4




Inendnusiidunisdeseniinisadiesonisinas Session-based Collaborative
Filtering, SSCF (Park, S. E., et al, 2011) Lﬁ@ﬂ%’wqﬂﬁﬁ%msa%ﬁmsmwnwawaﬁ% SSCF
Tiianugndesuazldmasiinsslasudilaansyanauindedu sauaudladguinis
UsvananadeyaniuTunamnn (Scalability problem) sanansadszgndldiumsasnasionis
wasuziwuvesylal nednudildiausisnisadenisinasdidedn “Incremental
Session-based Collaborative Filtering using Forgetting mechanism and Circular
statistics” Tne3endugin “ISSCF” Fanmsinvostunoudsnisidiaue ISSCF uansienin
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uni 3

ax a o
ANT1INUILEUD

AN 3-1 NINTINITAT ISSCF
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! dwiugiamas !
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L . we ¥
| Tunaupaulay : ' gunausaulad :
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1 ) H ' v |
' a o w h ' Awamtpaaalunsidawas |
' iRanaudndnafeg ' Vo ‘o !
‘ ! L e e !
1 ¥ ; : i
" — . H ' |
i MUAATUUUANNTEY | | ' wegauwunWulumsdawas ||

H ' \
| SAGA ! ' Tawld Rayleigh Z test '
| i \
v : ! v |

i ' , o i
! a519518N15INEY ' : a%’1w‘:mm’[u_miﬁammmunu !
' ! finsandndeauunasgm !
_______________________ ! '

i
\
| v ;
' afeamumanas l
' \
S :
FITLNTNAL ‘
Swianwatudigaiu N3 dnianatuaaAiy
Forgetting mechanism wag Sliding windows
:
wuzti
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Feedback Feedback
e
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1NAMNA 3-1 TuReuIEN15 ISSCF tauvadu 3 Tunou laun 1. unsusudu 1y
Tupaunsaiawatulsinadmivdilanausazau 2. Tunsunisaiesenisinasesulay
YOIV 2 5 Uag 3. MITIMTIEMITNaTIRzLuiiudTe fail

3.1 JunouFudY
3.1.1 grudayainas
e giudayainas Last.fm
grudoyamasdldinius insflanasminiules Lastfm
(Oscar C., 2010) Gﬁqgﬂiammﬁumﬂ 2005 99U 2009 Usenaumeuseinnisianas
vosrflaudaza tawn swarils, nmﬁ;ﬁﬁaﬁuwaa, sarady, JoRatu, TaaLaY
Fornas audeu danndl 3-2

SWaie 138 aAaty | Aallu SWELWAY TN
%Wﬁ 1 2009-01-01T09:00:10Z artl Don Moy mil Moy Or Less
gila1  [2009-01-01T09:04:40Z artl Don Moy m2 Contest Moy
EET‘WQ 1 2009-01-01T09:07:47Z art3 Pogo m3 Alice

AN 3-2 fpgreguteyainas Last.fm

e g1udayaiwas 30Music

grudayamas 30Music (Turrin, R. et al., 2015) dnnudszianisilanasves
Afsanniules Lastfm senanel 2014 53U 2015 soudesrenisinasvesyilanas
wadumsilanasodite Inerdnusildaulafedeyaatunsilanassznaudie
swarfils, annsilamas, samas, naldudukaznanauiLn AmERy wang
el 3-3

swagne a0 siawas | warduau (9 | nandunaun (s)
44361 1390231051 4698874 0 121
44361 139023111 4698256 121 258
44361 1390231224 3298174 258 490

AN 3-3 fegegIuTayaINad 30Music
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3.1.2 tumeumssdaeadulusinddmiudilanas

Hosninerdnusildaulanginssulunisidenilunasvasdilafidnagdinsilaidy
youtn uazaniinanlulududiu wofnssuvesilanasininsilsenadeouandugiy
Fesundnuarnisilanasiineady (Park, S. E., et al, 2011) (Dias, R. & Fonseca, M. J.,
2013) Fefutunouidsldfiosuwaduresdililaonisairavadulusindvosudazay
(session profiles) Wlegfilsfimsilamasiiveidestundmganisilanadluszoznamilsazgn
finnsanidu 1 waty degnamsaawadulusinduanaianmi 3-4

v o o a o o o
TWAR T nan WdAalu | Falu | wdmas WaY
a1 | 2009-01-01T09:00:102 art1 Don Moy m, Moy Or Less
a1 | 2009-01-01T09:04:402 art1 Don Moy m, Contest Moy
gia 1 | 2009-01-01T09:07:47Z art3 Pogo m, Alice
fivle 1 ]
STHLIA Taguy
BRI BN E R B
e 1 (ss)) vst 2 (s5,) watudagiu (ss,)

i 3-4 fegamsaiaatulusivldvesiilslugrudayama Last.fm
Junauiinluazadrnunindaudlunisianasaineadulysiiddvivudazgile 9

Usenausiy wadmslwaduvesilanas pedudasmamgilslaflslundazivaty uazdaya

melugadAenudlunsilanadazivaty wanwwianIni 3-5

e 1
I Tor
m m m m
2 Y Y Y e (Y
wadiy 1 (ssp) wadu 2 (ss9) " watudagliu (5,
y
m; | my | my|my | mg|mg

$51 12211 ]3]4

SSy 2 2 1 - 3 3

83 2 2 5

55100 1 2 3 3 2

A 3-5 fMegransaiamsndannatulusividvesils 1
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3.2 YUMBUNISES19518N15NasaUla

o il 1 naAguiniilaieiinmadenilunasiindefuatilusinidesan
filawasnagiingAnssulunsilanasdnognseidondudimiowadu uazns
Bonflunasargananidemurouresilmeduy duitnisadeseninmasds
liuszgndldisnsnsesdoyason Fsiarsananuveunisdenilanaslueaduy
Hagtuiitinnundrefumatuluedn Taslirudfyiuwatuaianvosilamnas

® 352 mﬂauuagmﬁ’juwaqmqLwaqﬁ;ﬁﬁﬁmauﬁﬂ%ﬁmiﬂq%’}wLawwzmL’;m
FefuABiaaiI8nmsTinszviedfdam (Circular Statistics) Safia1sananuwey
vosilalamzdranarivinazveuilanasdisnalauazvouilanasesls Aty
UANFNNT I BUBEN i TEd Ay eadn
Sorilangansilanasdnszezinamila Fn19via 2 shivaduagauesiladudeya
floundy (fFeedback) Tdssyuuiieusuusamaduldsindlidsnsnnuwoulutagtuvosdils
wasdainaassiuaufesmsvasilannd sy

3.2.1 N15E5195°9NISINALULINITA 1

o ) faa ad a v ¥ 1Y

A1nSUTUMPUDaULaUAT ISSCF 3TN 1 UsLnNaumigni1suIAIILAa1eULdTy
JUADUNTHEDNAUITNVILALS NIFYNUIEAIAZBLUUANUTBU NITASI9SIUNNTENAS INUUIL
S2UFIHNITNAWTIAUITIENITNAILULETUITA 2 LARIAINING 3-6

RN RGN, G
o9 U

[
I

73 . &
: aavatulusivg
! o ar o
! dwdudilanas

Sp==——————-—J-————-—--= =
unausaulay

IVANGETUIINAUITNTS
Forgetting mechanisms
A

A

WIAMUAG 1A VDI ETU

v

El = %
LAaNAUIUNUINLAYY

!

m3 ||m5 ([ml |[m2

Feedback T
o wuzii l
—

3 a ¥
GERNEMEHEETEN H A51957N15NAINAUTTN 2
1
1

YUNEAIAZLLUAITUYDULNAL

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
: ar &
' AWLAVILUE YU
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

ATH

AN 3-6 NMNTINIUADUID ISSCF 359 1
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3.2.1.1 YUABUMINIANNARIEARIYBILETY
TUADULINYBINITATNTIENTINAINU UL AT UG ABNISAWINAILARIEAGY

a A

vouwatutlagiuresiilanas (ssgs) Auwadulusfniinusiusiulilutunewsusiu uans
AINNA 3-7

AY1sAIAUAGE
S, | 1 lOo Lo o] 1o
58 1 l2]2]1]3]4
ssy | 2|21 ]-1]3]3
ss3; | - |- -|2]2]s
ss;o0 | 1| 2 ]33 2] -

AN 3-7 feg9NIANUATeveTatulIi (SS,,) Muwatuluefnveuils

3515 ISSCF Tandenlaisnismaiiuaanauuulalell (Cosine similarity) d1w5uns
#sanauadevessatuludagiuivwatulueiniveasnssignisimaawu iiugile
(Park, S. E., et al, 2011) uanefsaun1si (3.1) lngfidnadnuaaiemdnlng 1 wansdansaes
waduilnnueagiuun aAnuadeNdilng 0 uansdansassatuliiiaundieiu
wusladu 2 nsdl e

s v ¥ 1 ] [ ad [ 7S] ) a £ [ 2/ 1Y) g
o nsaldlagladgszuu dwsunsallazdilifiwatunsilunasiniu viliwatuass
angaveditaazgniinrsanduwatuiagiuresilanas (SSgg) Frazilumaruadieiu
watuluafnudiaienenisimansiugdlvinugilasazyana lnglunsalilaggnauiall
Tudunauesenlall
a A o a X o w ad d vy a = a & v
o nsallislinsiawannadu dmsunsdlilillegflslinsifenilanauinty iwaigils
denilsaggnitansanduwaduiagiu (SS44) vesdiledailufiansanmainuaiiauds
P = o g vu v ] & NY vy a 2 = o
afengmsinasiiazwugilidugiladely lagns 2 nsdldddlsinisidenilanasinseiu
TeNsnas wansdeiledinstureusienisinasiu dedusensnasazlignasieludaundy
itadinsdenilanasilinsaiusenismas Feaunsateannisiuinesszuule

Zj(rssas,mj'rssv,mj)

(Eissasm? [2iCrssum,)?

sim(ssys, SS,) =
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laefl  Sim(SSqs, SSp) Ao AANUARIEYDLEatUTIIY (SS,s) AULATY (SS,)

SSas Ao watutlagiuvesudaziils

SSy Ao watu v vesils

TsSasm; fio Anudvesmad m; “Lulfaaﬁi‘i"uﬂm;ﬁ’u
Tssym; fio Anudvaual m; Tuwadu ss,,

INMBENNNMIA 3-8 uansliiuingaduagiuiimsilunasiadeiuwatun 2 unnan
LATUDY

S, SS, S8, 88100
5596 048 | 0.68 | 0.25 | .. | 041

MW 3-8 segreranuaaevesgatulagiuiugatuluesinveuils

3.2.1.2 YumauMsiaenaundndafes

dmiuduneunisidenaundninangaesgatunianuaseiuwaduludagduunn
= & vy g ax = ° - v oA -
Naniiu aunsauuddalu 238015 Ao 1. n1smduiwieudunanan (k-NN) lngiden
watuniiaupseiuwatudagiuunniian k watulag 2. MsivuanueinLeae (th)
FedonwatuniinnueseiuwatulagiuuninngaiiamanuadiguinninAnnue N
13 Fadlanuganguninninisnig k-NN iesainduinvessatulndifesdinuunnedeiuly
Tuwsazinasngilafanile fAsnni 3-9

th=0.1 881 88, 884y 58

88 0.68 | 048 | 041 | 0.25

a Y ' a U aa v ) 1Y) ) PN a @
ATNN 3-9 GI’JEJEJNﬂﬂiWﬁ]’liﬂJ’lL“ljﬂ%u%uﬂmuﬂmEm‘UL%ﬁﬂiu{]ﬁ]ﬁguumﬂﬂwqmw th 1au 0.1

3.2.1.3 TuABUANSTINUNBANAZLLLATNLTBUYDINAS

dm¥utunoun1siiuIsAIAZLULATNTEUTDLNAILAAEIAT 35015 ISSCF 14
firsunananuseulumadonitunaduilagtu falladefuisatuluefinvoils 910ty
yuBAAzLLLANITE UTBINAILA A nasTin AT dilaandeniladuwasialy Fedy
iasitgiledslailaislumadutiagiuamnsanazgauuziile Faanunsadunaildainaunisd
(3.2) UARIFIDEIAIAZUULANNTOUTBINAILFAZINGS FanMil 3-10
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Yissp€eS sim(ssqs,SSy) [Tssv,mj _fssv]

Zssves|5im(55as'55v) |

Pssqsm i Tssqs

lne Pssqsm; Ao Ansvhunevesnas m; Awadulagiu (ssq)

Tsspm; Ao Awnveawas m; luwadu ss,

Teg Ao AadsraInIsiawasiwatulaatu (SS,,)
as 9
Tss, A9 ANRAEURINTHANAINWETY SS),

$S.6 035 | 0.84 | 0.69 | 0.74 | 1.34 | 2.1

AN 3-10 AIDYIAIALLUUAIUTDUVDINAILFALLNG

3.2.1.4 YUABUNITATINTIENITINAULIN

dmiudunaunisadiesienisinasnazuusd i ugile e ulnA1 ALY
AUV UVBUNAIUFRLINAIATUYNINGIUAD Tunauilazidoninasiiaindngilaazidensuils
< [ a ' Aa a
WuiwasdalulaenisfiansuiAiaziuuauyeundatuinign N iwas (Top-N
recommendation) lAgt384dIRUIINAINITYINIUIENNINNGAIUAIAINTIIUENANan N
a1V Uanaiieg19T1enNsnadLugil 5 dudiu (Top-5 recommendation) fignuugiliv
ATl Flan1ni 3-11

5193wzl 5 dudu Mg mg m, my mj

SS.q 21 1.34 | 0.84 | 0.74 | 0.69

‘ﬂl N ! o L o
AN 3-11 @9 5 BUAUTIENITLNAILUSUN

3.2.15 fuseumssmanesduvasiilanas
InendnusildTassdnvarvomsilunamesdildluivesulay fwsthdoyamnas
anlndegianeiiteliaunsnuszgndldldfutamass (Real world problem) Ssumneing
NneATeduInnBslidnuaznsaieensiwasiazuugihliiudilawuueelay (Static
setting) Aonnslétoyansilunasmesiilefamelunisadenenananfissneninie:
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Lﬁ'aﬁﬁwqmﬁqLwaﬂuiwznamﬁq dmiugudeya Last.fm Aa 30 w1 (Park, S. E., et al,
2011) wargrudoua 30Music Ao 13 unit (Turrin, R. et al, 2015) #aiu3Tn13 ISSCF 2y
Swanaduaigavesiiladigruu ediuusaadulsindvesiilanasdaazinly
frsanaseenswausinlugIsadaly
Aouflazsmaniwatuaraaiingszu 383 1SSCF 1alsinnuddyiuwaduvosils
izsanatinueuvesilsludegiulaeudaiy 2 3813 fe
1) 35n19 Sliding windows GﬁqLﬂumiammmﬁﬂﬁmmaﬁaa&aLﬂ'wﬁuﬁ (Abrupt
Forgetting) Imaﬁml,%a%"usuaqéjﬁqLwaﬂLLUULﬂuﬁﬁﬂué’ﬂwmﬂmqa%ﬂaLLU‘U first-
infirst-out (FIFO) @erimunvuindeya (sw) idaiivieaduvailanasdign
rouasuming elwadulnivesiilsgndmanidng sw uduvaduiiinfignas

'
=

gnAnTia Aennil 3-12 YeRvesisnisifedayamsianaseilarlidivun
Wnduauaiidnisauaiisinsiluisnismenuadievesvadunas
WnsiueAIRzluuANYeuTIIsLA Uy nsUsstanatayaniuium

un
auwatunn | 88q 1 9 2 1 3 4
§S¢ - 4 - 2 2 5
$S100 1 - 3 3 2 -
ieadulil F| New ss 1 - - - 1 -

AN 3-12 (198191 TONANLLETUVDII5NT Sliding windows

2) 38013 Forgetting Mechanisms Usgnoun28735n15 Sliding windows 521U
38013 Fading factors TnglsiAniminausduressatu Susadudagnuodit
wasazilardiuidniiuinaineaduluein Inerdnusilfidenldisans
Exponential time decay function dmiunisliainudAgvesdoya a11130
mwnalagldaunsi (3.3) uanaiegnisemaneatusiuiudsnng Forgetting
Mechanisms §an i 3-13

Wy = e_at (3.3)



Tne W, Ae Ardvtinvodwatun t

a #@o Amvnsdweslunismusumnusilunisanaud
t fe Awiuvesatungnils

LY

AEY

>

aueatwil —e| 88y 1 7 2 1 3 4
SSk - 4+w/( - 2+wk 2+wk 5+wk
$$100 1 twinp - 3+wmg 3+wmn 2+w100 -

Wiswadulvs —m| New ss 1 - - - 1 -

AT 3-13 F9819NTONANIETUTEIIENTT Forgetting Mechanisms
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3.2.2 MSANTIENTNAWULINITT 2

domwnmsadenemananuztdndsa 1 iRansananuveuanyseiinnsilanas
Nnaduldslnidvesiilausiazey uwilildfiarsaunfsnnuveulunisidenilanamutaanan
GU'eNQ’Wﬁaﬁﬁqm%ﬁmuﬁaﬂﬁqLwaqﬁ%u%wgﬂumw’mnm (Herrera, P. et al., 2010)
(Park, C. H. & Kahng, M., 2010) (Dias, R. & Fonseca, M.J., 2013) fatju3ans ISSCF 3&# 2
Falpdnauaisnisaienemsnadiuzdy lnensinsenigilweuilanadanizydinia
fefianuuansnsaindasnaidu dddneneiadfdanlasfinsuunasdiinazgnile
sgeraiananiztiia@efianuwandisntivniaiduealited fynieadi wans
AN5IAENNS ISSCF 3391 2 fan it 3-14

grudayawas

s

afawatuluslig
dwisudiamas

ooy
51919 aan1sawas
fugadaan

'

AuaatansHanwasing
TnsTwseni@ayy

SHIANEATLIINAUITNG
Sliding windows
&

A

nagauLurliunsHawag
Taaly Rayleigh Z test

!

m3 ||m5 [|ml [|m2

f 1
! 1
1 1
! 1
! 1
! 1
! [
! ’
1 '
1 1
1 1
1 1
1

1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
! ! 9 o
' * . DWLANUEHUU
1 1
1 1
1 1
1 1
1 1
1 I
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
' 1
1

1

)

ATUANEIaIaIN1TH AN AN Feedback
AudAasan S.D.
. v Ve ed Lmﬁﬂl
A3 NIIBNTITINAY L s3nnmenswmassiunudon 1 —» sila
I ()
[}

'
ada

AN 3-14 ANSINVBII0NNS ISSCF 359 2



35

3221 supsunsadreniseanudlunsianasivyasian

Supouiifunisihwadulusindusazaunasiadumssdmsuivamnuaveanas
futhanan Junasfiarinnsanlumsienuiazdedinisilannnii 6 af Fadudeulvves
Reyleigh Z-test fan157971 3-1 1@umsepnudlunisilamasiugiana wu tﬁﬁaﬁ' 1 Hlawas
m, Turiaaan 10 wiinn 1 A%t e 11 wisin 3 ads an 12 win 2 A an 13 wikm
1 pfauaziian 14 ndinn 1 ads

d' U ! dl U 1 ¥ dl
M99 3-1 G]’J@EJNG]’WNWJ’]%JOIUWH‘WQL‘Wﬁ\‘iﬂ‘U“U’NL’Ja’]sﬂaﬂa‘mﬂ‘ﬂ 1

LAY nandilawas (W)
my 10, 11, 11, 11, 12, 12, 13, 14

m, 9,9,10, 11,9, 10, 9, 10

ms 23,1,4,11, 18, 19

my 13,12, 15, 14, 11, 11, 18, 18, 14
Ms 12,13, 14, 11, 10, 11, 11, 8

3.2.2.2 fumsunsduantaaatlunsilanasagldnshinseiednidagu
dleatramasaruilunisitananatedu duneudasfinsansuuuuniengingauly
msflamatianizdisian IagldnsiinsgsiadfiBay (Circular Statistics) FaiinnsAunal
foganisitanasesdildusiuuudeay Sudutunoutazuasioyanandudoyaiay
Tng38n1s ISSCF Idfinsandrananlusouy (24 wu.) Faamnsafuiadisaunsi (3.9)
Mnmsemuilumsilanasiuiianai 3-1 azgnudandudoyaidey dmsed 3-2

go = 350

” (3.4)

o 4

loefl a® Ao yulwidedng (degree)

b

X A9 a1 (Winn) “UEJ\‘ILW@QLLGiﬁ%LW@QﬁQﬂWQ

a o ' v a a a
A1919IN 3-2 Wﬂaﬁqﬂﬁqiqﬂﬂquﬂﬂ@yjamaqL‘?N@ﬂi

1WA nafinanas (Fn3)

mq 150°, 165°, 165°, 165°, 180°, 180°, 195°, 210°

m, 135°,135°, 150°, 165°, 135°, 150°, 135°, 150°

ms 345°, 15°, 60°, 165°, 270°, 285°

my 195°, 180°, 225°, 210°, 165°, 165°, 270°, 270°, 210°
ms 180°, 195°, 210°, 165°, 150°, 165°, 165°, 120°
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a ° ° ] a ¢ a a . )
NATNT 3-2 eggninAmiiAdsveanneesd ) ludasifisy (radians) fa
aun1sil (3.7) dmsunmsilanasusazinas Fudunisinainisnsgaedauvestoya Ay
Y P i a s 1 | i = vy o
fun1sMALdgauuNINTEIU idAtadennesialugie 0-1 lagen 0 wansdeiledinnsile
adaneluyniisiaiuaze 1 uansdadeyanisianasdivinliunmsianadudiswansen
lAgfNTUIHATINANRRY SIN AeaunITH (3.5) UAYHATINALRRY COS FaNNTITN (3.6)
LAAIRIDE NAARELINADTYBILFAZINAY AINNTI9N 3-3

Zn
sin _c
=1 %

Y = (3.5)
n
zn cos ¢
X === : (3.6)
n

r= VX2+Y2 (3.7)

gl Y e Aadodam sin
X fo Anadeideyy cos
n e smnundivesnsitana
r fio Adsnnmes

A5199 3-3 FRYNANLRAYLINLADIVDILAAZLNAS

WA Aadenmas (1)
m 0.95
m, 0.98
ms 0.32
my 0.80
ms 0.90

INAITNIN 3-3 nadusinzinasedileaun 1 vgnAraewuildundslunisile
NAYRETN (F,) TaATUNNANRAEINKNBTTINAUALARETY SiN uaE COS a1113a
AwInlaNaunisn (3.8)

0, = tan™?! (sma) (3.8)

cosa
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S 4 _a X
e Sin @ Av — Unz COS @ fio —

a o

PNUURITUIATBWIUI (quadrant) YoeuluBedn3 sail
180 — 6, ; sin+,cos —
6, =4180 + 0, ;sin—,cos —
360 — 6, ;sin—,cos +

nTunsuiazlawuiliunisilanaesiilauasings waneiiagawualdunisiy
D A A a v P
NI luBeAng fannsed 3-4

M19197 3-4 Meganuildunisilanasveiladaming

LWag uwaldulunrsiawas (An3)
my 177.76°

m, 144.34°

ms 334°

m, 208.55°

M 168.97°

NM1309 3-4 Fegauuliunisilanaegiled 1 ssgnudasnduludoyaidaian
FeanansaAnalanaun1sin 3.4 uansineganwildunsitanasveils danns19i 3-5

M15197 3-5 feganudltunsianaavails

Wag nwalduTunisiawas (wriinn)
my 11:00

m, 9:00

ms 22:00

m, 13:00

Mms 11:00

3.2.2.3 dusaunisnadaunualdulunisianasingly Rayleigh Z-test

Fuppuilsznageuwiliilunmsilanasiveiansandraigilaeuilunadla o
1AULANFA1AINTIIA1UDENHTBE AN 19adflaeldi5n15 Rayleigh Z-test Taun1s
fsanfeAadennees () wazduunsilanaedils (n) wansisaunisi (3.9)
2

Z =nr (3.9)
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Heonaaauuwualiulunisilanadlagly Rayleigh Z-test azliA1 Z vounasusazinas
FINTNTN 3-6

A5t 3-6 wansAn Z Fikunsvadeu Rayleigh Z-test

LNEN WA
my 6.29
m, 7.74
ms 0.61
my 5.78
ms 6.53

dnsunsmageutioddmeadfldfasanaunfgiunieedn fad

Hy : Hrsnalumsilanaswesdfilslsifimnuunnsisantasnandu

H; : dsnailumsilanaswesgilsdiruunninaaindisnaidu

fiilsdinsidenilunaufuomeranavesaddaanidafumasiigildurou
Z agfienunn dfilsdinisilananfuvosadudiivlunanstasnat a Z asdenfitosieay
dawalﬁt,waqﬁ?uhjgﬂuusﬁw TPen15H91TaN 9z UTH UL UAUA1919NN9a8 A Rayleigh Z-test
(Zar, J.H., 1986) uanadnogsnnsAuIns fail

Fregamas m, fidnadsnnnes () Ao 0.95 uaiinsilanas m, W 8 A%q 9z
1§ Z =8(0.95) = 7.25 7 p — valuey ys = 2.865

ety 7.25 > 2.865 JUfias Hy wausu Hy wansiwudldunisilanas my Tuns
flathanan 11 winfianuuansisaintisaiduededitedfyvieada

fegramas ms Sdnadenaed (r) fie 0.32 wazdnsilunasiomun 6 ads agld
7 = 6(0.32)? = 0.61 7 p — valueg s = 2.865

Fatu 0.61 < 2.865 3w0uiy Hy uansinuualdunisilanas ms Liflaang
uanAnsIngaIaTdY Fevilinas my Tagnuusiilssugitdlugasnandy

NANT197 3-5 Wenunsinsanuualtunisilanadasld Rayleigh Z-test iwaad
lajmumsmﬁangﬂﬁﬂﬁa AR UNATHANINSINIUITN1TAEOU Rayleigh Z-test
Fam39it 3-7
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A15197 3-7 fegrsiualiunisilanamasiiuisnsnaaeuniltuilagly Rayleigh Z-test

LAY nualduTunisiawas (wriinn)
m, 11:00

m, 9:00

my 13:00

ms 11:00

A 3-15 wansbiiudiaiainisidenilanasiulugisnanane lnewdudsiueans
fawwldunsilanasesiladamaty sgiledinsianasiugisartuundmalien Z &
AN A1NNIAsENRFINNSERALAglENSREeU Rayleigh Z-test F9Ufas Hy vousu H,

& = ° o v a | ° ) Y o P Ay =
LwaauuﬁmgﬂLLuzuﬂUmQWmuw 1 langdiaan Smsuidudmiansunasigiladonile
ANUYILIAIR )

6am

18pm 18pm
=i =i
) bWaIN My ) NAIN M,
6am 6am

12a

18pm 18pm

A) WA my 3) Wasi mg

a Y 1 v i 9] a = i ' A
A wf 3-15 fregrauuilidulunisilanaudazinaaredd il 1 Faunnm199IngIa3a18u
DUNLTYEAYNI9EDA
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d‘ U 1 ¥ d‘ d! (=) 1
1INAIND 3-16 LaALI8E19N1THUNES M3 Yo Hen 1 Feladianuunnsneain
' A A v ~ = ' ° v v a0 A
YI3818U Leeangilaiinisidenilanaslunatgyrananilinuilslunisilanasiiaig
PJogusainisiananluinaniealuauisanansantiaaanizraensianasle

6am

12a

18pm

AN 3-16 fegawniliunmsilanas my vesilaauil 1

3.2.2.4 a519m59gananlunisilawassauiuiansan S.D.
Mnsenswasiildandunountseaeuiualtitanalunsilanas wandiiiu
fanadwsildRedalusmsilanasdmdunianas udnsitawasesgilanaziinngdenilsly
Praaniilndidssanuualiansilanas fafulufumeunisadesonisinasiefuamen
Jesuuansgiu (S. D) feaunisit (3.10) Jaaguugtinnaslaefiansananai S.D. lag
Aunadlusieuninasndsandilusudldhilunsilawawosils 1wy Weduamainms
AinsiaifiBapudmsruingilaeuilanas my Wena 11.00 wifn1udaen S.D. fe 1
Fedusnstasuugiimadluig 1000 wag 12.00 uiiinidae 1wy uansdamsi 3-8
Feazgriiinludsmmsanamsilanasiieaienemaimasiiazuuzhliiugilaiely

S Dy, = \/%Z?zl(xi—f)z (3.10)

W0e#1 S. Dy Pl Adosiuuinasguvenas m;

A ¥
X fe nansitemasesiilslumas m;

= | = 1
X Ao Anadelunisilanasveildluimnag m;
n A9 UL LA L UNITHINA m;
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a Ay A o v Y 1
191991 3-8 {5]'15’]\‘1L’Ja’]GU’eNLW@\‘W]Q‘WQ?M"U@UEWW?UQ‘WQLLG]ﬁS‘QﬂF"Iﬁ

P GH] LAY
9.00 m,

10.00 my, ms

11.00 my, My, Ms

12.00 my, My, Ms

13.00 My,

14.00 my

15.00 my

3.2.2.5 YumBUAIEZIEIENISINATLUZ

ﬁm%’umia%ﬁai’l&mmwmﬁm%’uLLﬁazﬁﬁqﬁﬁwqamiﬂumiﬁqLawmhmm e
filadngssuulutnaiinssfursnanildannsinsgiadfidan ffuduneutiarais
sremsmadaefinnsansuiurennamindt Z ildandunsunisnagsunualiulunisila
wwadlagld Rayleigh Z-test LaAIRIOE19318NITMAIUELY 3 Sufuusniign 12 winn ¢
aN9197t 3-9

a o ' v W q' a
N19191 3-9 AIDYNFIYUAITIWAY 3 BUAULINVILIAT 12 WIWAN

DUAU s1gnsasuzdn luga9a1 12 wiknn
1 ms
2 my
3 my

3.2.2.6 UVURBUNITINLANLYATUIINAUIZTNS Sliding windows

ax o ] Y - Y} a

10013 ISSCF agdnanwatuagaueslaieusuusaniseniunvesnisilanas
lnel435n13 Sliding windows lagdsn1stiasiansamasignilsluseu N fuargasiudu

Y ‘:4' ! o ) A o a v v val =& =
watRzaelin1sienunndt k funn N Ju iedianisiiansamasngilslyiladuyey g
nsfleigaansuRevseliinsilaiiseilies fMegenisdnangatuaigadndgnisnanud
YOIHTUNAY UARIAININTA 3-19
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onaniwatun1THanadEge

My || s ||y | 1y
N=141W, k=7
LAY nafiiawas (wiinn)
m, 10, 11, 11, 11, 12, 12, 13, 14
m, 9,9,10, 11,9, 10,9, 10
m, 23, 1,4, 11, 18, 19 Rl
my 13,12, 15, 14, 11, 11, 18, 18, 14
ms 12, 13, 14, 11, 10, 11, 11, 8

A 3-19 fegnsdnanieaduagaiigasnuivesilunasiinatiuinigile
1NN 7 uan 14 3y

3.3 YURBUNITIINTIIMTINAINITIU TERULHS
ax 1% ° < ax axa P =
31n35NTATIeTIeNITNAsUL ISSCF 919 2 35015 TWAEN 1 astdennasdadian
ATLUUAIINYBUNINTEA K wakazdshn 2 agifennaiiiaAl Z uiniianaindunaunis
nagounwlulunsianadlaeld Rayleigh Z-test k iwas LAI5IUI18NTINATIALUULIN
Tfiuilavisaestunowds (Cascade) Wusemawaaavneiiewuginiiugila Asnmd 3-
20 Tnemswuziwasiustaidu 2 nsdl dadl

FAIUTWATTNED

IYNT

LWag

et ol

8N 1

IM8N1T7

LAY

PP

291 2

v
1
'

IMUN7
— LWAS

gnvine

AN 3-20 FI9E1NITINTIENTNaIN Uz UL

3.3.1 wlefiladhgszuy

nsdiisnensimasuuziiasgnaitsnwatuagnvesdileudraineenismasly
wuvoonllay ediladrgdsruvagldsomamasiiniouliuusdilvisudituadousn uansds
A 3-21
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my |(my | My

m3

a o o A w Y
AN 3-21 miaiwiﬁEJm‘JLWﬁﬂLLusziJE)QWGL“UWEjizU‘U

3.3.2 wagiladenianas
4‘ 1% a o Q" U ra $ %4 1
degleainsilanasdaluinsatusienismasazlifinisasissenisnadinimse
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AffaneAIuTeUTeITIENITIaItueY nslligadenflunasdalulinseiusienisinasae

afesemanatinl lngiansananwadulagdu (nassnileSugatuautanastagiu

Yospflanad) Wguiuwatulusfnvesflanad Lansfsnng 3-22

Eiwla
u

v v X

msy

my

my

——

LU

TIYNITNAY
ISSCF

P P ' as
Wawasiidanilalainseiv
F18N13LWas1n ISSCF

feedback

——em e e e e e e e — - - === === =

AT ETUU U

my

my

my

a31951enswaslug

dmsuuusiligisdaly

v

ISSCF

™ ISSCF

IYNTNEN
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uni 4
NanN1SA LU

Tuunilagnaniwansduiunulaenmsinlsgdndamanugniosagiaiilily
nsaf1eTensnaskugiwesiinisiiiaue Incremental Session based Collaborative
Filtering (ISSCF) 1US8uLfigufiu3snis Session Based Collaborative Filtering (SSCF) (Park,
S.E., etal, 2011) lu 2 grudeyaimad Ao grutoyainad Last.fm wazgiutoyainas 30Music
lngldign1sinuszansaimainugnees HitRatio (HRen) dnSuiiansaA1LgNABevas
emawasiumasdigiladenilednluuaziSnisinuszansaim Precision dmiuiansan
AnugniesasTensnaurih TnsseasiBeavomanisiiiuruansdasielud

4.1) Yoyaildlunisnaass

4.2) N39BNLUUNITNAGDHALTINITIAUTEANTAINAIINQNFBY

4.3) HANTNARBINGUTOYANAS 30Music

4.4) HAN1INARBIANFIUTBYALNAY Last.fm

4.1 foyaitldlunismaass

Ingrinusiléiuouiiounanisnaassuugrudeyainasan 2 grudeya de
grudoyainad Last.fm waggiudoyainad 30Music d1msugiudayainas Lastfm Faiiu
Useiansilanasanniules Lastfm (Celma, O., 2010) daifiuiivladinateoulaiuasdl
sruuUuztnasd ULl Segnaausaudeut 2005 F98 2000 Taglddadendilsdifinngits
1N 400 waduandilsianuafiodnsmginssulunisitanadluszezen dvualmide
filangailamasuiundt 30 widlazgniinnsandu 1 waduwazdosszneuseimasiiiinisils
1nNd7 2 mas (Park, S. E, et al, 2011) s18azdengnudeyainas Lastfm uansanisnsd
4-1

M13197 4-1 SgazideagIuteyainas Last.fm

319az198n U
vl 300
LWas 373,946
Usgiansilainay 3,130,850
gt 120,000
SuUNaLRAYRe 1 1waTy 26




a5

gmﬁaqﬂaﬁ' 2 fio guteyatwas 30Music (Turrin, R. et al., 2015) §aiuuseianTs
flamaswosilaarniuled Lastfm senined 2014 860 2015 Taefinrsangilsifinisflanag
1INN91 400 WwatularsEEgieTErIwaTUINNNTY 13 ui TanBuagiudeyainas
30Music Wansfan1eil 4-2

A1319% 4-2 TPavlduAgIUTRLAINEAY 30Music

318aZIYN 31U
vl 279
bNEN 517,451
UsgIan1silainay 1,839,928
a 111,600
SunuNaLAURe 1 1waty 16.5

4.2 A392NLUUNITNARBILAEITNITIAUSEANSANANNGNABY
dSUNMT0RNWUUTENINARBIYBYIBNNT ISSCF kagdsn1s SSCF tauustayanisils
waseendu 2 Suneu il

4.2.1 fumauidudy diuduneuludiuuesis 1SS tufesnmsdeyaiadudoiy
ULNATN 3910357 1 %’jumaumimmﬂmé’wLézjasi'j"usum;:iﬂﬁwLﬁué’aﬂ%ﬁagamaﬁmﬁmﬁu
Tumsafenemamauuziuasisn 2 msafunsenrsdvesnsilunasdoditeya
waturesitidmumslieneiidauromnisilanas dnfuradudowuiimnyanifosd
L‘Wﬁd‘ﬁlgﬂ‘W\‘i"{Ig’]ﬁLﬂ‘&,lx‘iWEJELUﬂﬁﬁ%J’Ni’]EJﬂWiLWGQLLuz‘lj’]

3315 ISSCF 3slfinnsansiuuveseatubuduiivanmety  Tnafuunsiui
wadudl 25, 50, 75 war 100 watwsudu lneldn1sinan Song diversity fsaunis (4.1)
dvsumsinanumainratevesnsilanasadidlng 1 LLamﬁqrﬁWqﬁmiWaLwaqﬁlm};ﬁu
Sunasiidnlng 0 uansdanadlueaduinsilesnunn uanssinsed 4-3 wagansned a-a

) ] Srunnasitlaian
Song diversity = ———— (4.1)

FIUIUNAIVINRUA



713199 4-3 A1 Song diversity YegTudayanas Last.fm

\wEtuEuY A1 Song diversity
25 0.74
50 0.67
75 0.62
100 0.59

M13197 4-4 A1 Song diversity ¥egTUTBYANAY 30Music

\watuS UGy A1 Song diversity
25 0.8

50 0.74

75 0.71

100 0.69

dmsun1siasannsilvednamBinasgnilaunnd 1 AT LaRINaNSaIN 2

FUTYAAINNTN 4-5 UAEMTIN 4-6

M13199 4-5 uanan1silagnvesgIudeyaLnas Last.fm

watuS UGy Sruauiledn (%)
25 29.58
50 35.96
75 40.15
100 43,52

M15197 4-6 UanIN1TilagIvaIgIUTaYaINaT 30Music

wauS UGy Sruauiledh (%)
25 22.78
50 27.56
75 29.81
100 31.71
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ar

nnsuseiiunalagldfinused@ndnin Song diversity LLasﬂ’]i‘W\‘l%WaﬂQjﬁﬂ LR
Tfuiusadudududl 100 wady Ssfinrsandu 25% ndeyariomn dmalinisma
AdevanraduluIFa 1 vee ISSCF warnmsinnsantisailunsilanasfiduseuresis 2
989 ISSCF lﬁmammgﬂéfmﬁﬁLﬁaLﬂ%mﬁauﬁ’umasﬁ"uﬁ'mﬁuﬁ 25 50 uag 75 Aty st
38013 1SSCF Fdldiwaduiduduil 100 waduisgrudayainas lastfm wag 30Music

4.2.2 Yunsusaulad Inerdnuiilaldnisesnuuunismaaes Prequential
evaluation Fefipnumunzaslun1smaaeu Incremental update #3eWUU Data stream
(. Gama, 2014) Tagluduvasiuneuuuuesulaldsassnisianasmosilathmne @il
ffdeilamasnvuesulald) umeaasunvuidudiu Tnomasdaluiigiladenilsazgn
finsadudeyanageuiumenismatuzindegiu Iegldisn1sinusednsaim HitRatio
Lﬁa"i’mmammgﬂﬁaw@NﬁwmsLwaqt,a%fﬂ?:u foyanaaeuazgniiasuniduwaduilagiuly
mia%”miwEmﬁvwaqLLuzﬁﬂmJLﬁaé’ﬁqLﬁaﬂﬁuwaﬂﬂmﬁwEJmiLwaaLLuzﬁ’lLau WERIH
ANl 4-1

' UM IR
watulytuvada ISSCF

-3
-3
-3
-

m, ?

ﬁﬂ'li'mWﬂ’J'l!lqﬂﬁBﬂﬂaﬁ'ﬁEJﬂ"ﬁI-WﬁwiLL‘lé%‘l;h

HitRatio
. FWNTLHES
watuilytiuvadils ISSCF
m, ||m, || ? ? ? ?
A
Ansunanugndsvasensmauuzi
HitRatio
. TIWNILNES
watulyiuvasdila ISSCF
my [(m, ||my(| ? (| 2| ?

ﬁ501‘5!14!"\ﬁ’)’lllg]ﬂﬁﬂiﬂﬂ\‘i‘i'}ﬂﬂ"\‘ilﬂﬂﬂlkﬂﬂﬁ'\

HitRatio

A 4-1 fegrnsainensmasnnwatuagiuvesiluaiusziliunalagiiansan
iasdalundenila



48

Y a

18fU8IIEN1500NLUUNITNAGDY Prequential evaluation Aoagliifin1suustaya
sandudeyalnlunazdeyanaaauiinbilifiadymanuuiuiswesdeyanasdeyanageu
wwgnianidudeyaiindusielugamnzanlunisuusimasmunuveulutiagduvesils
Tnensneaasluiunoutaglfisatudmividuteyanaaeulumsuusininasesulatil 300
watufinnsanidu 75% vesdeyariun

dmfutuneunistavssansainanugndesldidenldisnistadszansnnie
HitRatio $sia1sananugniosvessiensmasiiazuuziliiugilsiumasdigitadonils
fnlunansfaannisd (4.2) Fadunsussifiunarnugndeauussulat Tasnsdeuinasi

itadeniledaluiludeyanaaaunuududdiu

YN  HR@n
N

HitRatio = (4.2)
dmsuAnadevedisnsinusydnsam HitRatio vedilanmun anunsamuinla
INEUNITN (4.3)

) ) Z'-l_]ierl HitRatio
AverageHitRatio = —= (4.3)
|User|

Tne? HR@n fie i'ﬁLwaaﬁmiﬂﬁﬁﬁaLﬁaﬂﬁafw’miﬂmaﬁ’mwEJmiLWﬁﬂLLuzﬁwzﬁm
Wiy 1 anlinsaasiiandu 0
n AD SIUNITNAIULET N LAY
N Ao fi’]mwﬁa;gamaauﬁgwm
|User| @9 ﬁwuauﬁﬁqﬁwm“iuizw

N5inANUYNABITRITIENITINAtLULI Ingddn1s Precision aiansandndiu
YounasnEladenilaiusensnaanasiuzdInavun Lansfsaunisi (4.4)

- #hit
precision@n = o (4.9)

nsinAugNABINIIEMTNAtuzd I ULAAZETY Lanieaun1si (4.5)

YN precision@n
N

(4.5)

Precision =

° Y d' .. v b ° v PN
@MU RaYVeY Precision TJ@QIZJJ‘WQVNMQJ@ ﬁ']llqiﬂﬂ'ﬁ,fl')ml@'ﬂqﬂﬁﬂﬂqﬁw (4.6)
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|User| . .
Y=, Precision

(4.6)

AveragePrecision =
|User|

Tnefi n Ao T1NsNAtu 1 LA
hit  Ae dunasdnluiigiladenilsdalunssfusonismas a1 hit windu 1
alinssaediandu o
N flo SrunuTensnasiome
|User| #o s1umugfilsiomunluszuy

4.3 wWan1maaegudayainas 30Music

Asneassusnluinednusilguiouiieudanis Session based Collaborative
Filtering (SSCF) 7u75n15 Incremental Session based Collaborative Filtering (ISSCF)
srufunssmandeyalaeld sliding windows Insiussuiiisuruinvesdeya (sw) 100,
200 way 300 Wwatuargn MnranInaasslagldiSnsiauszansamaugndes HitRatio
‘1'7i 10 s19n15iwas (HR@10) LLamwamiwmaaaﬁqmwﬁ 4-2, 4-3 ay 4-4

12

10

HitRatio (%)
(o)}

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400
STuIULETY

—SSCF —8—|SSCF (sw=100)

A 4-2 naaugnasalagliitnisinusednsan HitRatio 71 10 $18A15was (HR@10)
TneN15USeULBUITN1S SSCF NUITANS ISSCF SAuAUNITONLANLSATUN 100
\waduagn (sw=100)
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AN -2 uanamanugnaeslaeldiSnsinuszansam HitRatio 7 10 $18A3
wasuuziedsyngilshunsazieadu Tnonsiioudiouisns SSCF AUiBnns ISSCF $amfu
mssmanwaduil 100 wadudian (sw=100) MnuammaaswandliiiuieisaediBnsld
AnugndesilndiAssfuuiisnis SSCF fandlimnugndiosninndiisnis 1SSCF lag8nns
SSCF l¢iAn HitRatio LaAsynigaduil 7.16 % wagdsns ISSCF (sw=100) l¢idn HitRatio 1de
yLeETUR 6.48 % ANANITIAABIRINAILANIRINTEIAMITAaTUT 100 watudiga Ty
nsasuudasnuveunisilanasvesgilsmiiniuly Jadeyalusinvesiiledanad
auddglunisidenilenasvesdils eg9lsinuisnis ISSCF anunsaliussansnmlugs
nasIAEININI8M3 SSCF Feanmnsatisudtaymuuinveadeyals

12

10

(0]

HitRatio (%)
o\

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

MUIULYEYU

—SSCF —o—|SSCF (sw=200)

AN 4-3 warnugndedlagldisnisiauseaniaim HitRatio 11 10 s18n15inas (HR@10)
laensUSeuliisuisnis SSCF Audsns ISSCF saufun1sgmanigatuil 200
\watuagn (sw=200)

MM 4-3 uanananugnaeslagldisnsinyszanSam HitRatio 7 10 183
masdsyniilslunsaziwatu Tasnsi3euidiouisnng SSCF AuiBans ISSCF sawfunns
Smameadudl 200 watuaian (sw=200) 1nxan1snaapskansliifiudsisansisnisly
mgnAesilndlAssiu Tagd8nns SSCF ¢ HitRatio lAsynieaduil 7.16 % wazisnns
ISSCF (sw=200) §fein HitRatio Ladeynivadudl 6.98 % uaisn1sai1ssionisinas ISSCF
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(sw=200) gepslriausilun1suseaianaisansaninisns SSCF Fadayanadvglidiiudy
AuagRrasueiadNludIudnly

12

10

(o)

HitRatio (%)
(o)}

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

IMUIUYEYU

—SSCF —o—|SSCF (sw=300)

A 4-4 waaugnaealagliisn1sTauseansan HitRatio 71 10 s18n15wnas (HR@10)

Tnen15UTeULieuiIsN1S SSCF AU3TNIS ISSCF S9UAUNISONANLYETUN 300
\watuagn (sw=300)

NNAMN -4 uananarugnaeslagldiSnnsinusyanSam HitRatio # 10 T18A"3
masedsyniilslunsaziwaty Tasnsi3euidiouisnng SSCF AuaBans ISSCF Sawfunns
Saniwadui 300 waduagn (sw=300) luusazisaduainnanisnaasauandliiiuis
353 ISSCF (sw=300) Tnanisnaassiiiniinissmaniwadudl 100 uaz 200 waduaran
TneA8n15 SSCF IéiAn HitRatio laAeynivadudl 7.16 % uagisnns ISSCF (sw=300) l¢iAn
HitRatio 1n@eyjnivatuil 7.13 %

Mnranugndenads s nwadulaeldisn1siadszansan HitRatio # 10
sensiasiszuuzthlsiugilevesi5n1s SSCF wag8ns ISSCF Safusmanwaduiivua
foya (sw) 100, 200 uag 300 d1ga wanadsnwil 4-5 lngfiaansdsnisdinugndesdi
TndiAesfunniian duluinerinustiidddinmasoumiuuansnsvomanmnaas e
fifoddyyneadn Semdonuuinves Sliding windows Aifiaruuvsngaudmiudeyayail
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AverageHitRatio (%)

7.4
. 7.16 7.13
6.98

;
6.8
6.6 6.48
6.4
6.2

6

SSCF ISSCF (sw=100)  ISSCF (sw=200)  ISSCF (sw=300)

AN 4-5 waanugnaenaielagldisn1sinuseansnn HitRatio 91 10 s1ensiwas laens
W3uLisuasn1s SSCF AUddn1s ISSCF Tuumazaunves Sliding windows 1adey
FIUNNETY

4.3.1 AIMAFIUANULANANYBINAANMNDNSBRE el AY AR

1o99nANgndesuesiinns ISSCF wardSns SSCF fimnugnaesdilndidssdy
FeiuAneinusiasldnnaeuauunndanugniosdildann 2 3Bns Taetanuuansis
sEnineAuinnaInvesis 2 Asn1segeivedifynieadn (Dietterich, T. G., 1998)
Wisuisuitnisaiienenisinaswesdsnig A uer B Saannsodunudadiuvesany
Aananad Z ldanauntsd (4.5) uae (4.6) fail

NoptNoq

= = 4.5

Pa " (4.5)
Noo+MN10

pB == —Tl (4.6)

Tnedi p, Ao dndruauianainresisnisasesenisinas A

Pp A9 dndIuAURANAIAYBIITNTATNTIBNSINAS B

Ngo A TIUIUANURAANAIATDITNITATITIBNSINAY A waz B

Mgy A9 IUWIUANUEANAINYEITNTATINTIENTINEY A uignaaduitnig
asesenswas B
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N0 AD FMIUANUYNABIVDINTITUULEILAEITNTATINTIENSINAS A U
Hanaaluisnisasesenisiwas B
n Ao Iudeyanadey
MntuiinsanmeUAANAINNIASEIY Standard error (se) Fsaunsii 4.7

2p(1-
se= [P (4.7)
n

A9 ALRABUBIANURANANNNIIDNITAS195189N15Iae A way

e p = (PAJ;PB)

£
6 o w

B annmsiesgidianunsamartedngnsadnlagly Z-test (2) 1a deaunish 4.8

+
Z = DA™ DB (4.8)
se

ivualy Hy @ 1938015 SSCF uag ISSCF $3ufiu Sliding windows (sw) A3131gn
foslunisiuziwai lalkanseiu

HO : Zo_1 =Z
H; : 1938015 SSCF uag ISSCF $1uiu Sliding windows (sw) dinanugnaasiu
NIULUSUINAINLANFANAUENTTIE AQN19ET A

Hli ZO.l *+ Z

[%
fa aa

PNNANITNAABILUINYITNUST ITA1T ISSCF sauAun1ToNANLEadu Sliding

'
[ 1

windows (sw) #1 100, 200 wag 300 watua1aaUIeuisuiuisnis SSCF lagn1snaaey
AULANANVDINANITNAABIDLNTUEd1AYNINETH NA1ANuEANaIn p-value Wi 0.1

(%
=

LazldunMIARBULUUABIVIN ( Zg 1/2) 10AN Zg g5 WU 1.64 UansHanIsvnaes fail

[y

1. 333 SSCF fUTBN13 ISSCF (sw=100) 16\ Z = 24.67 Kaidu Z > zg o5
(24.67 > 1.64) wanaUas Hy wousu H;
NWAATURANIDITENT SSCF TinaAugnAedninisn1s ISSCF (sw=100)
DYNUTYEAYN DR
2. 3313 SSCF AUABNS ISSCF (sw=200) ¢ Z = 5.91 &vdu Z > zg o5
(5.91 > 1.64) uansufias Hy sausu H,
MNuaaULaniieisn1s SSCF lnanugnABIindians ISSCF (sw=200)
DUNLTYEAYN DA
3. 33115 SSCF AU3ENS ISSCF (sw=300) 16 Z= 0.77 ffeifu Z < Zg 05
(0.77 < 1.64) wanseauiu H,
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NNAATULAAIDIITAT SSCF Iinan11gnABIAndnianas ISSCF aun
doya (sw) 7 300 waduaanoeshiTiioddynada
INNITNAAOUAVILLANAINVBINANITVINADY wandliliAuda38n15 ISSCF vundoya
(sw) 71 300 Wwaduaan FsiiuszAnBamaugnaesitliunnsisuiBn1s SSCF LAY U
Tanusamslunsduadshsuidymnsssanateyaiiuiinamnls §938n13
Sliding windows Huldiaanlumsmuniinsiinuuavesdeyadslaifinsfinnsandoyanis
flanasidaderilflfinalunisdnaisming sscr

d‘ 14 a ) a a 4 Yaa L% a a

n1Ineaei 2 laiSeuisudssansamanugndealagldisnisinusednsam
HitRatio ¥8IdN15aT1eTIeMsinasazuuzlvnugile Iagld38n1s ISSCF $aufiu Sliding
windows (sw) 1 300 wadud1an \Wesanisnisilliainugnassiiiigulyiniuisnis SSCF

a ! ¥ I3 £ 1 =) = v aa

LuuiNwsanansaUszInanalasaslugudeyamamualugiuseuiieuiuisnis ISSCF
laen138nandayanieds Forgetting mechanisms Usgnaumiedsnis Sliding windows 1
300 waduagn (sw=300) 390815 Fading factors Livelvianudidgiunisidenilanas
Tutagtu Wennnuanstannuvevvesilunasvuziy lngwssuiisudmisiivwesiunis
WiuANEAtyrestaya (@) 1 0.01, 0.1 kaz 0.5 ANNEIAU LANANITNARDILAAIAININT 4-
6, 4-7 uay 4-8

12

10

(o)

HitRatio (%)
(o)}

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

MUIULYEYY

—ISSCF (sw=300)  —®—|SSCF (sw=300/0t=0.01)

AN 4-6 Hand1ugnaedlaeldisnisinusednsaim HitRatio 7 10 S18n15INas 1ag
WIgUWIEUITNIS ISSCF (sw=300) AU ISSCF 71 (sw=300) S2uAuAl a 9 0.01



55

AN -6 uanananugnFeslaeldiSnsinyszanEam HitRatio 71 10 $18A3
Na418938n13 ISSCF vurndoya (sw) 7 300 waduargairuduarindnlunisidiu
AvudATY (@) 71 0.01 91ndlarfdu Exponential time decay function (sw =300/0=0.01)
Wisuiflsuiuisnis ISSCF $2uffy Sliding windows 71 300 Lwatua1ga(sw=300)

Mnuanugnaedlasldisnisinusea@nsan HitRatio wanaliiuinisnis ISSCF
(sw =300/01=0.01) ladgsrumnivaduiinugniesd 7.13 % dedaugniesiifisumindy
ISSCF (sw=300) 1 7.13 % g lnanmgnéesitliunndrsiunslalldaniindn

mﬂmﬁmaa‘ummLL@ﬂshqasmﬁﬁaﬁwﬁzgmqaaasuaqﬁ'ﬁqaaﬁ%mﬁ Muuali

Hy : 433013 ISSCF (sw=300) W ISSCF (sw=300/01=0.01) famugndasly
Msuuztiasitlsiunnseiy

Hoi Zo_l =7

H; : ¥1938M13 ISSCF (sw=300) haw ISSCF (sw=300/01=0.01) iAugnsediu
NNSLUZULNAINLANANAUDY LT EAYN19EDR

H12 ZO.l *+ Z

ASAAI5UIATAS ISSCF (sw=300) kag ISSCF (sw=300/0=0.01) 1@ Z = 0.33
Fatu Z < Zg o (0.33 < 1.68) uansitgensu H, tufe ISSCF (sw =300/01=0.01) lai
AMUBANANNAUIT ISSCF (sw =300) Tun19ania

12

10

HitRatio (%)
(o)

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400
SuIUETY
—ISSCF (sw=300) —®—|SSCF (sw=300/0l=0.1)

AT 4-7 wanugnaedlaeldisnisTausednsain HitRatio 1 10 s1en15inas Ing
WU uTBn1s ISSCF (sw=300) iU ISSCF #1 (sw=300) Taufiud a # 0.1
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NNANA -7 uanananugnaeslaeldiSnsinyszanSam HitRatio 71 10 $18A3
MA3w893EN13 ISSCF awindaya (sw) 7 300 waduargasiuiuanimin (@) 7 0.1 (sw
=300/0=0.1) WIsuLiguAUIBNT ISSCF $2uifu Sliding windows 71 300 Lwaduaian (sw
=300)

Mnuanugnaedlasldisnisinusea@nsan HitRatio wanaliiuinisnis ISSCF
(sw =300/01=0.1) T mgneiosdl 7.18 % FeilnrmgniesidininiBns ISSCF (sw =300) fo
7.13 % lawA3Ms ISSCF (sw =300/01=0.1) I¥iamanugnéieaiiinii3sns ISSCF (sw =300)

INATNAFDUANNLANANDE 1T T A1 AYN 19D AUDIITNTT ISSCF (sw=300) tag
ISSCF (sw=300/01=0.1) ldiei1 Z = 1.33 ety z < Zgo5 (1.33 < 1.64) u@nadngauiy H,
tfufle ISSCF (sw =300/0=0.1) liflenuuansnsvesanugnaeslunisainssnensinasiuis
ISSCF (sw =300) lunnaaiia

12

10

HitRatio (%)
o\

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

IMUIUYEYU

—ISSCF (sw=300) —®—|SSCF (sw=300/01=0.5)

A 4-8 Hamdugnaedlagldisn1sTaused@nsain HitRatio 7 10 S18A15LWad 1A
WIBuLiguisn1s ISSCF (sw=300) AU ISSCF (sw=300) s3unu@A1 & 91 0.5

NN 4-8 uannanugnaedlagldisn1sinuse@nsam HitRatio 1 10 918013
INAIYDIITNIT ISSCF vu1adaya (sw) 91 300 wadudraasiuduaruindn (@) 71 0.5
WIguLiguiuisns ISSCF s3uiu Sliding windows (sw) 91 300 wwaduanan
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nuanugnaeslagliisn1siausednsain HitRatio wandlviiiuinisnis ISSCF
(sw =300/01=0.5) TAugndeafl 7.20 % uazsnng ISSCF (sw =300) finugndesil 7.13
% MnNAATUN1TMAABY T8 ISSCF (sw =300/a=0.5) TWinarnnsgnéasiifind133nis ISSCF
(sw =300)

INNIINAFDUAINULANF1IDE 1L T AYNI9EDAVDI5N1T ISSCF (Sw=300) uaz
ISSCF (sw=300/01=0.5) e Z = 1.67 sfatiu z > Zoo5 (1.67 > 1.64) uansnUfias H

gousu H; Wufe 35015 ISSCF (sw =300/0=0.5) l1inan11ugniasaini13sn1s ISSCF
(sw=300) ag1e¥igd1AyNI9ana

AverageHitRatio (%)

1.22
7.2
7.2
7.18
7.18
7.16

7.16
7.14 7.13 7.13
7.12

7.1
7.08

SSCF ISSCF (sw=300) ISSCF ISSCF ISSCF
(sw=300/0L=0.01) (sw=300/0l=0.1) (sw=300/0l=0.5)

Al 4-9 nard1ugnieiadelneldisn1siauszednsain AverageHitRatio Inan1s
WIguLiieuianis SSCF, ISSCF #1 300 wwatuangn (sw=300) kag3sn1s ISSCF
Tne1433 Forgetting mechanism 7 (sw=300) A1uiwiinlaegld o 0.01, 0.1
wag 0.5

1NANT 4-9 uansrarugniaaadelagliisnisiauszansnim AverageHitRatio
7 10 s19n15tmas TnemsiuSounioudsnis SSCF, ISSCF #i 300 L%a%uéﬂqﬂ (sw=300) uag
38013 1SSCF Inel43% Forgetting mechanism 71 (sw=300) tindnlaegld o 71 0.01, 0.1
LAY 0.5 89A1 AverageHitRatio 19933015 ISSCF lagn1sdniandayanie Forgetting
mechanism fietsinlunsiiuaud @it 0.5 (sw =300/0=0.5) Tinadnsinign

aaa

aa = 2/ o Yaa a § aa a
99019 ISSCF 989 2 ﬂ@ﬂ?iaﬁﬂfli?ﬂﬂqiw\laﬂLLU%‘L!’]I@EJI‘U’JﬁﬂWi’JLﬂﬁ’]gﬂﬁﬂ@]wﬂl!ll
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(Circular Statistics) Faa13YINIA AN UNITHINANTAIILUANFAI9IINYINIABY

I AN o w aa vaa aa . PN @
pgtidsdAynana lagldisn1smadaeunisaia Rayleigh Z-test 71 p-value AU 0.05
Frazadreenanaaivzwusiiiduiilsndedodiladngse uuinssiugasaandlaannis
AAehadfgay dmsunisenanwatuaigauesisnisillalgisnis Sliding windows lng
N1sRTUINITHLNAEIgR N Tukazimasiinisilsunnndt k u vihliisnmstiadesens
astedansmnueuvesilslulagiu

AverageHitRatio (%)

7.4 7.38
7.35
73
7.25
7.25
7.2
7.2
7.16
7.15 7.13
7.1
7.05
-
SSCF ISSCF (sw=300) ISSCF (sw=300/0l=0.5) ISSCF ISSCF
(sw=300/01=0.5)w/CirStat(sw=300/0l=0.5)w/CirStat
(14/307u) (7/3030)

A 4-10 waugnaeRielaglydisn1sinuseansan HitRatio ¥9435n15 SSCF, ISSCF
/9 1 kaENIITINTENTNAINUNTIATIEVadageyy (CirStat) 3591 2

91NAINT 4-10 Wiguiiguaugnaevesienisinasuedilagldisnis SSCF,
ISSCF 3891 1 wagmsmumemamasiunsiesegiadfiagm (Cirstat) 389 2 Tnefiarsaulu
58U 1 Whauadn (N=30) lnemasgnilannndi 14 Ju (k=14) uag 7 Tu (k =7)

waagunisnaaeslagliisnisinyszdnsain HitRatio Ladeyngileuansliiiuds
38015 ISSCF Saufun1sinssiadinBayy (14/30 $u) fanugndesit 7.25 % wagidnis
ISSCF $afum AT esiaindayy (7/30 $u) Idraugndiosdl 7.38 % deilanugnieai
fndmsiiarsauniies ISSCF 38n157 1 3nsiien Tasarmigniesuesdsnis ISSCF sy
fumslasziadAde (7/30 Ju) augndesififign ns1znisfionsanmasitflennniy
7 $u wansdefilsdanuiuroulumasiuazannsnadesenamadldunndtinasdiils
NN 14 Ju eglsfinunisiiansananugniedlagldisnisiausz@nsan HitRatio 919
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fanulimnganiunsieseiadnifa esinsenisinasiiadisanidnnsdlils
Wasulumuteyanaasuusiaziinisaiiesnonamasieidetisnandldanidnsiases
AR dauesautsnaniigitatidssuy S dnusiisldidenl#i8msTausyans nm
precision (Shani, G. & Gunawardana, A., 2009) #MFUNIITUIAIINYNABIYDITIENT
AU AR 4-11

Precision (%)

40

35.78

35

29.44

30
25
20 17.15
15

10

(S,

CirStat CirStat (7/303u) CirStat (14/30 )

a v a Yaa [} a a .. a = aa

AT 4-11 waadugnaeuadelaglditnisinyused@nsain Precision W3sULBUIENS

AATgranmfayy (CirStat) wagdsn1simsesadfdaulusey 30 Judrand
wasgnilaunnndt 7 Juuag 14 Ty

PN Y a a ¢ aa a . =& o

1NAINT 4-11 LAAINAAIINYNABURRLVBINTIATIENATAT U (CirStat) Fadl

ANNNABY AiD 17.15 % wazn1siasievadmdaulusou 30 Juargamnasgnilannndn 7

Tularimnugnaes Ao 29.44 % waziwasgnilaunndt 14 Juldriaugnaesn 35.78 %

MNuaaguNITVeaeEandiisMeTsadagwsausalinugnaedunisuuginmag

legrefuarn1semandeyanisilaunaweeilenigds Sliding windows @1u13aLfiaAIY
gnaedliiumensinasazkusinlitugiale

= Yy dad a % °
AINAITNN 4-7 LAPINAAIUYNABIVIAVIFNYBIITNTAINITIUATNA UL U SSCF,
ISSCF 339 1 WAgN15INTIUNITNAMULUT ISSCF ¥89357 1 SIuAUMTIATI8naiALdeyy
(Cirstat) 359 2 WaglirinusednSan HitRatio Tugnudayamas 30Music
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M19199 4-7 HaANNYNABIYEYTSNTATITIEMTNaskuzlagldiaiauseEnSan HitRatio

/M5 HitRatio (%)
SSCF 7.16
ISSCF (sw=300) 7.13
ISSCF (sw=300/0l=0.5) 7.2
ISSCF (sw=300/0L=0.5) $2uru CirStat (7/307) | 7.38

a v an v ° aca
INR191IN 4-8 LEAIHAAIUNABDIVBIIONITAIINITIYNITLNAILUSUN ISSCF 9% 2

ABNITIATIENaR Ay (CirStat) Iaelddainused@nsain Precision lugnudayainas
30Music

M19197 4-8 HAANYNABIVBIITNNTAT TN TINAIULA ISSCF 357 2 (MTIATIEN
Wy CirStat) loglddainusednSan Precision

%0135 Precision (%)
CirStat 17.15
CirStat (7/3071) 29.44
CirStat (14/30 1) 35.78

4.3.2 M3inUsEaNsnWgaIaIvasgIutayamwas 30Music

dufunisinusganinmiduiaivesiinisiiviaus Incremental Session based
Collaborative Filtering (ISSCF) 1atUSauLAisuiuidnis Session based Collaborative
Filtering (SSCF) (Park, S. E., et al, 2011) ‘%Qﬁ%’]ﬂ‘iﬁﬁﬂ?iLWﬁQﬁﬂ%LLuzﬁﬂﬁﬁUéﬁﬂLL‘U‘U
oovlatilidoyawatuluofnimuanfinnsalagliauddyroneatuiuasinivinfy
FlFaududoudialutuneumsmauadiody  0(m?n) Fadunmsmaruade
YomnigatulaznaTlunsueAzLULA TR UTB AL DA 9T SNAIE MU
azdiladu o(n) Faunnenea1nizng 1SSCF unisadesienisinaswuvesulay Tnem
mnuadeveunasigiladonils tamziwatutiagtuvesiilanas) Auwaduluofindsiin
Futpudarandu 0(mn) LfimmﬂLﬂuﬂWiﬁaflimWﬂamﬂé’wLawm,szja%’uﬂwﬁusuaq;ﬁﬂq
wastuwatuluefnuagldinalumshuemasuuuanuveureanasiioad1asenismas
dmsuudaziilalu 0(n) Tnefl m fe ﬁi’ﬁmuwaﬁﬁ'buﬂuaw:iﬁa WaE 7 AD IIUIULNAY LAAS
aududoudaianveiinig SSCF WSsuiflsufiuisns ISSCF Famnsnadi 4-9



A15199 4-9 ANUTULDUTIIAN1VD935N15 SSCF way ISSCF
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35015 FUABUMNAUAZY FUABUNITHUNEAN
Offline SSCF 0(m?n) 0(n)
ISSCF 0(mn) 0(n)

91115197 4-10 wansaililunisduinmesduneunismaruadiouasnis
YUNBAIATLUANYOUYEIITNS SSCF LTsulisufudBng ISSCF fid1urudeya 200
watuade 20 filanas wansliifiudeiBng ISSCF annsndianmadiuaaludunaunism
Aruadeldiniisn1s SSCF uuudafu (Offline SSCF)

M19197 4-10 LAMLEUTEIIANAYEYISNS SSCF Uag ISSCF §1udeya 30Music

A5n1s YUABUNIANNAAEY JUABUNITNIUIYAT
Offline SSCF 13.19 U9 0.023 U
ISSCF 0.12 ¥ 0.023 AU
0.6 T
wes ISSCF-%1AUARY
ws| — ISSCF-UN8AIAZUL .
1 ... SSCF-wauAde ,,‘
SSCF-MUN8AIAZLUL ) P
0.4 . ’ i
ra
p— - s
z P
w -
e =]
=
o
g
un
0'(1'00 15‘0 260 2%0 360 350 400
Sessions

a a Y & ° | o
AN 4-12 L’Jﬁ’]ﬁ/ﬂﬁUﬂﬁﬁ’]ﬂ’J’]uﬂmEJ“U@QL%ﬁ%ULLazﬂ’]ﬁ/l’]u']ﬁlmﬂzLLuuﬂT]JJ“UEIUSUENQW\‘i
WNAUBIIDNIT SSCF whag ISSCF (sw=300)
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Pnami 4-12 wansnaniildlunsmeanuedevesadunay nsvhunean
ATLUUAIINTO VYDA 1Wasu9a3Fn1T SSCF way ISSCF (sw=300) 433015 ISSCF
(sw=300) ﬁ?ﬂ%’na’ﬂ,umi@i’wmmﬁmﬁmmm@%’auaLLavé’ammwmaﬂuﬂ%ﬁ’umaaﬁﬂq
mas Inerisannalunisuszananateyaiifivnelvglédunnsiisiuidns sSCF Aidoya
miﬁqLwawaqmﬁw“mmummnm aqwa’L*ﬁlﬁanaﬂumimmmmmummauawmemmu
TnsUszananaiinisnaasiuwa3es CPU Intel Core 2 Duo 3.0 GHz wazwten1us (RAM)
8 GB Fadeulusunsulaeldnulnseu (Python)

4.4 Nan1sNARRgIUtaYaNas Last.fm

dmfugrudoyainas Lastfm Inerfnusdlfiugsuiiieuidnng Session based
Collaborative Filtering (SSCF) fu38n15 Incremental Session based Collaborative
Filtering (ISSCF) saufun1sdniandeyalagly Sliding windows Tagiueuiisuruinves
URHE (sw) 71 100, 200 wag 300 L%%’umqm nNanIsnaasalaglylisnsInuseansan
mmgﬂéfaa HitRatioﬁ 10 19019 Wae (HR@10) LLamwamswmaaacﬁ’amwﬁ 4-13, 4-14
uag 4-15

12

10

(o)

HitRatio(%)
(o)}

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

IMUIUYEYU

——SSCF  —@—ISSCF (sw=100)

AN 4-13 wapnugnaedlagldisn1sinuseansain HitRatio 11 10 s1en1swas (HR@10)
Iﬂaﬂ'ﬁmiauwmmﬁms SSCF f1U35n15 ISSCF $9UAUN1ISONLANSATUN 100
mmumqm (sw=100)
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NNAMT 4-13 uanmanmgniedlagliisnsinuszanBam HitRatio 71 10 1813
asfiazuuzi lsifugilaadenndilsluudazivadu TasiSeufisuisns SSCF AuiBnns
ISSCF $amfunsdmaniaaduil 100 waduaiga (sw=100)

Mnuansnaesuandlfiuiisaasisnsliaugndesiilndifsiuudisng Sscr
fapsliimnugniesannninisnis ISSCF 1ne3dns SSCF lédn HitRatio leAsynisaduil 8.74
% WAz 353 ISSCF (sw=100) léiAn HitRatio WaAemniwadui 8.06 %

MNHAATUNTNNABILERINTTAINSINTeToYa Tl 100 lwadudan (sw=100) dud
lianunsnafrsnemamasiififisusinduisng sscr 1 ilosanmsmanuadeveils
oty suadoyail 100 watudrgadunsliauddgiutoyadliine Wosnngiedsd
muvouvidemuadelusiniiddnyed

ﬁm%umﬁmaaummLLmﬂ@iwaaéwaﬁﬁaﬁwﬁ’@mﬂaﬁamaﬁﬁy’qaaﬁ%mi muualA

H, : 933013 SSCF wa 1SSCF (sw=100) fienwgnseslunisuuriitmasitls]

LANAIAY
HO . Zo_1 = Z

H; : 495015 SSCF uag ISSCF (sw=100) in31ugnaedlunisiusdinaad

aa

wpnANAUBETT A NI9atA
H1 : ZO.l 7

N15Ma15U135019 SSCF whay ISSCF (sw=100) 19z = 22 #3lu Zz > Zg s (22 >
1.64) uanadnuas Hy gousu H; WuAs 35015 SSCF Iinannugnaeenfandnisnis ISSCF
(sw=100) agitudIAYNINETH
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12

10

HitRatio(%)
(o)}

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

SuIUTETY
——SSCF —e—|SSCF (sw=200)

a

AN 4-14 wnapnugnaedlagldisn1sinuseansaw HitRatio 1 10 s1en1swas (HR@10)

TngLUSeuLeuisn1s SSCF AUITN1S ISSCF S7UAUNITONLANLTATUN 200
\aduagn (sw=200)

NNAMi 4-14 uanmanmgndedlagldiSnsinuseanBam HitRatio 71 10 19n13
wmasndsyniilslunsaziwatu laensIeudiouisnng SSCF AuiSans ISSCF Saufunns
Sammatui 200 waduargn (sw=200)

MnranmaaesuandliiiudsiaesiinislianugndeaiilndiAsafuudisnig
SSCF fansliimnugnitassnnniisns ISSCF Tag5nns SSCF eidn HitRatio La@ennueadui
8.70 % uazisns ISSCF (sw=200) l¢id1 HitRatio 1devnivatuil 8.56 %

AMFUNITIAdIUAMNLANAINDE 1T TEd1AYN19@TAYDINITN1TUNToNTT SSCF
uaz ISSCF (sw=200) A1 Z = 6 faifu z > Zg g5 (6 > 1.66) uansiUfias Ho seusu
H, ufie 38013 SSCF Tiinanaugniesiiindn3snng ISSCF (sw=200) agsfifoddgmn
ann
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12

10

(oo}

HitRatio(%)
(o)}

100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

MUIULYEYU

——SSCF  —@—ISSCF (sw=300)

AN 4-15 waaugneedagldisnisiadseansaim HitRatio 91 10 s18n1siwas (HR@10)
TnensUSauLNeudsnis SSCF AUATNNS ISSCF 5aUAUNISONANLEATUT 300
\aduagn (sw=300)

Al 4-15 wanananmgnaedlagldisnisiaUseaniaim HitRatio A 10 18073
masadyniilslunsaziwatu Taensi3euidiouisnng SSCF AuiBans ISSCF Sawfunns
Smameaduil 300 wadudan (sw =300) MnranInaosnansliifiudaisaesisnisli
AnugndesilndlAssfundisns SSCF fandlianugniosunnnindsnng ISSCF Iagdsnns
SSCF 1#@n HitRatio Ladenniwadudl 8.74 % wagisnig ISSCF (sw =300) 1#d1 HitRatio
WA natuil 8.72 %

MnuaagUnseaesiandliiuiviansiimsiarugniesilndiAsiu dmiunis
NAADUANLANANDEI A A 19afiAveIn15Na1T8135n13 SSCF tag ISSCF (sw=300)
16 2z = 0.67 fadu z < zg s (0.67 < 1.66) wana3reeusu Hy Jude 35015 ISSCF
(sw=300) linamugniesitliiunnsinafiuisnig SSCF

Aatiulunisnaaesinluiadinisiiansanvuinvesdeyan 300 waduaian (sw=300)
- = Y A oA | v aa ' 1% a a
\Weandanugnaeesiiigulriniuisnis SSCF wianunsalilseaniainlunisussunana
ToyanfninFlianumizauiusrvusugdinaskuuoaulal lnensussauianatoyanis
Hanasvasileasliiindunuial wansnanugndewaiglagldisnisinussdnsain
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AverageHitRatio 91 10 $18n1sinasiugil Inen1siuseuLisudsn1s SSCF Auldn1s ISSCF Tu
WiazuInYes Sliding windows WATINNNYETY NN 4-16

AverageHitRatio (%)

8.8 8.74 8.72

8.6 8.56
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8.2
8.06
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7.6
SSCF ISSCF (sw=100) ISSCF (sw=200) ISSCF (sw=300)

AN 4-16 HanugnieaaelagldIsn1sinUseansIN HitRatio 1 10 T18n15iwas Lag
NSUSEUTIBUIBAS SSCF AUdsn1s ISSCF lusazauinves Sliding windows
WAy Nady

nsmaaesil 2 vesgrudeyainas Last.fm ldiusouiiisudsnng ISSCF Tnansdman
TayanI835 Sliding windows (sw=300) fiu ISSCF lagn158wiandeyanieis Forgetting
mechanisms (Sliding windows $9uAU38n15 Fading factors) LﬁaiﬁﬂawuﬁwﬁagﬁUﬂaﬂu%au
Tunsidenitamadduilagtu osmnuansdnnuseuresfilunamnedu Tnewiouiieusn
witdn (@) 9 0.01, 0.1 uaz 0.5 ARy InenansvaaeILaRIian i 4-17, 4-18 uaz 4-
19
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AT 4-17 waanugnaealagldisnsiausednsan HitRatio 7 10 s18n15tWae lagnis
WIgueuTsns ISSCF 1 sw=300 fiu ISSCF 91 sw=300 saufuaudmiin (a)
#0.01

NN 4-17 wanananugnABdlagldIsn1sInUsEaNSAN HitRatio 7 10 98013
L‘waqﬁ%LLugﬁﬂﬁﬁ’uﬁWwaﬁ%mi ISSCF 357 1 Ing#iansanvundoya (sw) 7 300 L@t
agnsruduauiilunisifinanudidy (@ 7 001 (sw =300/0=0.01) wWisuisuiy
25713 ISSCF $auAv Sliding windows (sw =300)

nnanugnaeaslditnisinusea@nsan HitRatio wandliliuinisnis ISSCF
(sw =300/0=0.01) Lods s niwaduiinnnugniesi 8.67% dsiinnugniesitlndids iy
ISSCF (sw =300) 1 8.72 %

MNMINAFRUALLANANseEeiiTed Ry ai v EesIang fmusl

H, : 433013 ISSCF (sw=300) Waw ISSCF (sw=300/01=0.01) famugniaslu
nsuuzthimastilaiunnenaiu

Hy: zgq1-=2

H : 7¥38n13 ISSCF (sw=300) Ua ISSCF (sw=300/0=0.01) fia3ugnsedlu
NNSLUZULNAINLANANAUDE N TTYAAYN19EDA

Hli ZO.l * Z
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N15N1984135015 ISSCF (sw=300) wag ISSCF (sw=300/0=0.01) 1 z = 2.67
AU Z > Zg g5 (2.67 > 1.64) wansituias Hy gousu Hy HuAesn1s ISSCF (sw=300)
WiNaALgNABIANINIENNT (sw =300/01=0.01) ageiledAtynisaiin
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A 4-18 waanugnaealagldisnisiausednsan HitRatio 1 10 s18n15twas lagnis
WUS8ULNEUATNIS ISSCF 9 sw=300 AU ISSCF 71 sw=300 S2UAUNINTUN
ANnuslumsiinANa Ry (a) 91 0.1

Al 4-18 uanawanmigndedlagliisnsiausavBam HitRatio 71 10 1en13
iaszuu i RUgilsvesiBnis ISSCF vunadeya (sw) 7 300 waduangniaufuauis
Tunisifinaaudrdey (@) @ 0.1 (sw =300/0=0.1) 1Wisuifisufuisnns ISSCF a1y
Sliding windows (sw =300)

nuanugnaeslagldisn1siausednsain HitRatio wandlviliiuinisnis ISSCF
(sw =300/01=0.1) L@ sauyniwatuiinnugndesi 8.74 % delimnugndesiilndlsaiy
ISSCF (sw =300) 1 8.72 %

INNITNAFDUANULANF1DE LT 1A NI9EDAVDI5N1T ISSCF (Sw=300) uaz
ISSCF (sw=300/01=0.1) ¢l Z = 0.33
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AU Z < Zg s (0.33 < 1.64) La@n31189u5U Hy HUADNITASI99180190Wa
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—ISSCF (sw=300)  —®—|SSCF (sw=300/01=0.5)

AN 4-19 warugnaadlagldiznisiauseansan HitRatio 91 10 18n15LWae lagns
WUS8ULNEUATNIS ISSCF 9 sw=300 AU ISSCF 71 sw=300 S2UAUNINTUN
AnsLSalunsiiiumuddey (@) 9 0.5

1nAA 4-19 wansnanugnieslagldisnisinuseansaiw HitRatio 71 10
$18M15INAIVBIBNNT ISSCF undoya (sw) 71 300 Wwatuargnirufuannaslunisiiy
AudIAY (@) 7 0.5 (sw =300/0=0.5) WFsuiftsuiuisnns ISSCF $aufu Sliding
windows (sw =300)

nuanugnaelasldisnisinusza@nsan HitRatio wandliliuinisnis ISSCF
(sw =300/01=0.5) L@ sauynisaduiininugndiesi 8.75% Failmnugniesiiaininisnis
ISSCF (sw =300) 71 8.72 %

Tun1snaaauAuLANAI90E19HTBE A NI9adAU9935n1T ISSCF (sw=300) e
ISSCF (sw=300/01=0.5) ¢ z = 0.67

o z < Zg.05 (0.67 < 1.64) wansingaudu H, wufe ISSCF (sw =300/01=0.5)
Taifiauuansinglunisiugiinaanuas ISSCF (sw =300) Tunisadia
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AverageHitRatio (%)
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SSCF ISSCF (sw=300) ISSCF ISSCF ISSCF
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Al 4-20 sannugndeaadelneldisnsinuszansaim AverageHitRatio 71 10 518015
was Inen1siuSeulilsudsnng SSCFISSCF 71 300 Lwaduanan (sw =300) uay
33n13 15SCF 1ngld33 Forgetting mechanism fidnimifnlunisifiuaudiiey
(@) 7 0.01, 0.1 waz 0.5

NAMA 4-20 memammgﬂé}’mLa?isimaiﬁﬁ‘ﬁﬂ’lii’mizawﬁmw AverageHitRatio
71 10 Ten5nas TagnsiusuifisuiBnng SSCFISSCF 71 300 watuanan (sw= 300) iy
35115 ISSCF Imsﬂmﬁ Forgetting mechanism fentminlunsiiuanuddy (@ 7 0.01,
0.1 uag 0.5 FaAn AverageHitRatio 1aA8a333n13 ISSCF Ineldfs  Forgetting mechanism 7
twinlunisifiueruddad 0.5 Inadwsaianiinnisns Kaduisng ISSCF 357 1 346
Henldi5ns ISSCF (sw =300/a=0.5)

dmiuAsnns ISSCF 33nsil 2 Aemsairesenmsimaslasldnsiinseviadfdaym
(Circular Statistics) Fafiansangrsiananizlunisilanasiifiauuandisaingasiadu
agaditeddynieadn Ineldisnsnaaeunisadfine Rayleich Z-test i p-value WAy
0.05 dmfunssmanaduaigaresisnisilaliiinig Sliding windows lnenisfiansun
msilamasanan N Tulasimasiifionsandesgnitannnnin k Yuinlsdisnisidadhemens
masuuzthdedsnsmnuvouesildlutiagty
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AverageHitRatio (%)
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8.95
8.9
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8.8
8.74 8.75
8.75 8.72
8.7
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8.6
SSCF ISSCF(sw=300) ISSCF (sw=300/0L=0.5) ISSCF ISSCF
(sw=300/0L=0.5)w/CirStat (sw=300/0l=0.5)w/CirStat
(14/309) (7/30%4)

A7 4-21 nannugnaeuadelagliiznisiauseansaiw HitRatio ¥e433n13 SSCF, ISSCF 351
1 4agMITIUIEMANATUNTIATIZRaD Ay (CirStat) 359 2

AN 4-21 uansHarmgndeaUS BB uTENI1eIB AT SSCFISSCF 357 1 141
AALgNFDTl 8.75 % dm3uiBng ISSCF lefiansanmsiinsziadmideusinduitnig
Sliding windows Tun1s8wiandeyail 30 Yuargnsaufuimasiiflennnndd 14 Yudulderaanm
gnesil 8.81 % wazn15ansaNIBng Sliding windows 71 30 Juananiauduinasdilennnia
7 Jutildennugnifed 8.94 % nuaagUmsvnaeandliiiuiiBnig ISSCF dw3uasd 1
(sw =300/0=0.5) s3ufiun1siasevadadeulaglinisdmandeya 30 Tuargasiuiuiinis
flaunnndn 7 u lénadwsiidiige iosarnnsiansunmasiignilasnnnin 7 Juanunsaaing
emamasuugthlifugilslsannninnsfinsamasignilannnin 14 u
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Precision (%)
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AN 4-22 waadnugnaeadslagldisnsTauseansain Precision WUIBULIBUTENS
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AsHaluae 7 uway 14 U

AW 4-22 uansnanugndedlagliisnisiauseansam Precision dudunis
ﬂamﬁmLwaqﬁéﬂqLﬁam‘f\laﬁmwmﬂwaqﬁgﬂﬂ%ﬁﬁ%ﬁﬂﬂﬂﬁmezﬁaaaﬁmu (CirStat) @sdl
ANugndesfio 12.06 % uazisnsileszsiadmdsynluseu 30 Judrandiflanasnnnii 7
FuldiAanugnéosie 27.67 % uazmsilamasinnit 14 ulferaugndesd 37.29 %
LEnIDIN T TIwRadA R salinugndedduntsaiesensinadlaegsiiagnis
gnandoyanisianasueilenield Sliding windows mmiﬂLﬁummgﬂé’aﬂﬁﬁmwmi
wadld Ganrsfansanmasiflannnndt 14 Yuain 30 Fudrananansauiulgsanugnesle
ANIN15IN1984135n15 Sliding windows £ 25.23 %

o

INANTNN 4-11 WAAIHARINYNABINANANYBIITNITATINTIENTINALUEIN SSCF,

a

ISSCF 3591 1 4agn1559U318N15WawUzn ISSCF 999357 1 sruAun1siasIeadngayy
(CirStat) 359 2 Iaglddrinuseansam HitRatio lugiudeyainas Last.fm
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M13197 4-11 KaAUNARIYBNITNMTaT TN sadLuzilagldfinUseansnm

HitRatio
5015 HitRatio (%)
SSCF 8.74
ISSCF (sw=300) 8.72
ISSCF (sw=300/0L=0.5) 8.75
ISSCF (sw=300/0L=0.5) 521U CirStat (7/307u) | 8.94

INANTNT 4-12 UAAINAAUYNABIVBIITNTAT 98N TINaIwULIn ISSCF 359 2
ABNTTILATIEadAgeyy (CirStat) aeldiidausednsann Precision lugnudeyainas

Last.fm

M13197 4-12 NAANIUYNABIVDIITNITATINTIENMSINANU ISSCF 357 2 (MTIATIeiaiia
Wy | CirStat) Iagldivinusednsam Precision

%0135 Precision (%)
CirStat 12.06
CirStat (7/3071) 27.67
CirStat (14/30 1) 37.29

4.4.1 M3ipUsEANSNINIBUIaNvaegIUtaLaIaY Last.fm

d115UnN15TAUTEENTAINLTILI8199935015 Incremental Session based
Collaborative Filtering (ISSCF) 138 ULBUAUIaN1T Session based Collaborative Filtering
(SSCF) wanananildlunisfuinmesiunounauadsvesvatulndldsawasdunaums
Funemlwaturun 200 waty finnsei 4-13

M19197 4-13 LIALEUTEIIANAYEYISNS SSCF wag ISSCF §1udeya Last.fm

35S IUADUNIAINNAANEY JUABUNITNIUIYAT
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ISSCF 0.141 U 0.027 AU

NN 4-23 WAAIIAIN LT LUNITAIUIUVDIITANT SSCF LUSsuL AU UITANS
ISSCF Tagia15ad19 100 ww@guid 400 L%aﬁﬁu%ﬂ%ﬁm%’uLgﬂu%’azﬂamaau TAgNITULIANT
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lgAuinnaie 20 gils 3namuansdisisnis ISSCF lneldvunnvesdaya (sw=300) B4in1s
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Inerinusildinaunidnisaiesenisimasiiosuuginlitudils Tneld38n1s
Incremental Session-based Collaborative Filtering (ISSCF) laga319518n15LWa9310 2
g fio 357 1 ldRasananuveuvesgilanasainwatutagiuluvazidailanaded
mundeiuwaiuluefin LﬁaqmﬂwqamsmmiﬁqLwawaqﬂﬁqﬁﬂ%ﬁmiﬁqLwaqﬁ foLiled
wardinsiladlumasiitureu Tneduneuiinisiitiauelduiuuminduneuisnig sscr
(Park, S. E,, et al, 2011) Fauuismsuuziimasuvueenlavidunisairesenanasiiaz
wuzdlvidugflsuuvesuladlaeni1siiarsan3snisg Sliding windows (sw) wagisnis
Forgetting mechanism @3Usznaudienisld Sliding windows $3ufu Fading factors lun1s
dnaduiiuagliamizniintusadul wae3si 2 dmsunsaiememamasiiziug
ItugieRanisiansanausevvesilaanmzdiniaridinsyeuilunastiwialoway
youilanaseglslaglinsiiasigviadigdayy (Circular Statistics) auiuiinnsandayanisils
asvasRilaangalagldisnis Sliding windows

Mnuamsnasosiitiausluine inusiangudeyamas 30Music lagldi3n1sin
UszAn3anw HitRatio 7 10 :18n15iwas Idnaaguniseuiiuaiudsi 3813 SSCF 1dwa
ANugNFBsAe 7.16 % 3515 ISSCF 357 1 Ao n1s1438n13 ISSCF Sy Sliding window
fsvundeyail 300 wadu (sw=300) lfrnaninugndesie 7.13 % nnsléisnns ISSCF
$3UAU Forgetting mechanism lanaAugnAasde 7.20 % wagdsn1s ISSCF Fasauva 2
FBslanannugniesdie 7.38 % uanslifiuiisnsadneenismasiiosuusiliiugiled
thiaueluingimusildnanugniesiiaian wansfanmd 5-1

dmfunsinuszdnBaiwean Precision 71 10 Memsimasdaliannamsnzaulunisia
ANNYNABIVBIITM AT e AT AWy (Circular statistics) IA11UQNABY AB 17.15 % uaz
meiegadadapluseu 30 fuaranfimasgnileannndt 7 fuldaaugnsies Ae 29.44
% wazinasgnilennnit 14 Juldrraugndesil 35.78 % anwaasunsvnassuansi
TMTiaseadfldemausaiaugndediunsiusiimadlaeghuaznsenantoya
N3l
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imaseagilesneds Sliding windows ansnsariuanugndedlidusenismasfiazuuzi
Tougilals uanafanmil 5-2
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prudrurueatuveafluwasdsdrouddyninisuszulranadeyaifiusuiauinle
(Scalability problem) Tngldfinatlunsfumiisinianiidsnis Sscr
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Comparison of the Constant Prediction Time of
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by Using Time Contexts
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Abstract—This research presents the comparison of
collaborative filtering techniques which are Tendencies Based
Algorithm, Item mean algorithm, and Simple mean based
algorithm. All these algorithms use the constant time in
prediction process. To evaluate our proposed model, we use
last.fm dataset including music listening history of each user.
Each user’s profile is split into several sub-profiles based on
specified time ranges called “Time Contexts”. Thus the
prediction is done using these Time Contexts instead of a single
user profilee From our experiments, we have found that
Tendencies Based Algorithm with Time Contexts is effective. It is
given more accuracy and much more efficient computationally
than tradition collaborative filtering algorithms.

Keywords— music recommender system; collaborative filtering;
time contexts

L.

Nowadays, the amount of digital music is rapidly
increasing in each year. These affect to users to search digital
music that they want with difficulty, which is why the music
recommender system is developed to help and discover music
in information overloading condition.

The popularity of music recommender approaches can be
categorized into three categories [1,2,3]. The first one is
content-based that uses the property of music such as tonality,
key, or tempo of songs and profile of the user’s preference for
analysis and recommend the type of music this user likes. This
means that this algorithm tries to recommend music that is
similar to those that a user liked in the past. Second,
collaborative filtering is the most successful and popular
approach. This approach is based on considering and analyzing
the information on users’ behaviors or user’s preference, and
then predicts what the user will like based on his/her similarity
to other users. In spite of collaborative filtering technique is a
famous technique, but it often suffers from many problems:
sparsity, cold start, and scalability. Third, hybrid approach is
combining content-based filtering and collaborative filtering to
overcome the problems of two methods. Music
recommendation systems exploit these three approaches such
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as Pandora Radio, Songza, Last.fm, iTunes Genius and
Songbird 2.0.

Some music recommender systems often recommend in a
few popular music in such that users do not prefer or cannot
always meet the users’ needs. Because such applications do
not consider the users’ current situations and users may have
different preferences in different contexts. For example, users
listen to one type of music while working and another type of
music before going sleep [5]. There are some researchers
studied context-awareness recommendation systems. For
example, C. H. Park and M. Kahng [4] presented behavior’s
listener that founded time dimension in music listening is
different other contextual dimensions. Because some genres of
music are preferred at specific time of day such as ballad,
dance, pop, and rock genres has a peak at noon and decrease
rapidly in the evening. The ballad song has been is listened
more than pop dance genre in winter but, in summer pop dance
genres listened more than ballad song. The researchers in
[51[6][7] presented time-aware music recommender system by
split user’s profile into sub-profiles (micro-profiling) that
consider timing context with collaborative filtering approach.
The results showed that this approach is better than traditional
recommendation approaches. However, this approach still
based on collaborative filtering technique, so it also suffers
from sparsity and scalability problems that will decrease the
performance. In addition, collaborative filtering technique
spends time very much in training and prediction processes.

F. Vreixo and et al. [8] presented a series of collaborative
filtering algorithm: Tendencies Based Algorithm; Item mean
algorithm, Simple mean based algorithm. Especially,
Tendencies Based algorithm is easy to compute, and can be
accurately calculated using much fewer data with very low
computational time. This algorithm captures the tendency of
users and items. However, all these algorithms use only users’
profile to find tendencies of users and items; it does not use
other contexts to find tendencies of users and items.

In recent years, numerous algorithms based on different
ideas and concepts have been developed to address this
problem. Unfortunately, works that compare these techniques
are scarce, making it difficult to select the best algorithm in a
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given situation. In this work we compare different techniques
of collaborative filtering especially the constant prediction time
of such algorithm: Tendencies Based Algorithm; Item mean
algorithm, Simple mean based algorithm [8]; to see the
efficiency of each algorithm. Besides, this work adapts a
contextual called “Time Contexts” which split each user’s
profile into several sub-profiles based on time range. This
means that each single user has several sub-profiles
representing users in the particular context. This idea will
improve the prediction accuracy dealing with sparsity problem.
After we compare the performance among those algorithms,
we have found that Tendencies Based algorithm gives the best
results. This means that we will combine Tendencies Based
algorithm and Time Contexts which can improve accurately
predict user’s preference, as well.

The outline of the rest of this paper is as follows. In Section
I, the background knowledge is introduced, and some notation
is defined. In Section III, our experiments are proposed.
Section IV illustrates the performance study on real data sets.
Section V concludes the paper.

II. BACKGROUND

A. Notation

First, we introduce all notations used in this paper for
further understand as shown in Table I.

TABLE L DEFINITION OF ITEM MEAN ALGORITHM, SIMPLE MEAN
ALGORITHM AND TBT ALGORITHM
Notation Description
U={u, st} Set of users

M= (g} Set of music (songs)

R Matrix of ratingm xn
Rating of music (song) m; listened by user
w,m, u,
Rating of music (song) m;listened by user
Ly u;

Rating of music (song) m;, listened by
user y;

Set of rating of music (song) m;listened by

= {’1,,,,”, € R‘m/ €M} user u;

Set of rating of music (song) listened by

— 1
Bm, = {V,,,,m, € R‘”: eU; users

Mean of user u;

Mean of user u,

1

r Mean of music (song) m;
o,

B. Recommender System

The most common approach of a recommender system is
collaborative filtering (CF) technique. This algorithm will
recommend item to target user depended on collecting and
analyzing a large amount of information on user’s behaviors or
preference and predicting what the user will like based on their
similarity to other users. The collaborative filtering is divided
two types: user based and item based. The basic technique in
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collaborative filtering starts with similarity measures between
users or items [9]. In user based the popular similarity
measurements are cosine-based similarity, Pearson correlation-
based similarity, and adjusted cosine-based similarity as shown
in Eq. (1), Eq. (2), and Eq. (3).

Cosine-based similarity:
(D

Zj (Tui,mjv Tuv,mj)

sz<rui,m,)2 \/2]-<ru,,,m,>2

Sim(ui: uu) =

Pearson correlation-based similarity:

) (umy )

\IZjeMunM,, (rui,mj - fui,-)z \/ZjEM,mMV (ru,,,mj - fuv,-)z (2)

ZJ'El"’uml"’v (rui.m,‘ ~ Ty

Sim(ui: uv) =

Adjust cosine-based similarity:
% (TUerj ) (T“”'mf )
\/Z]- (Tui’mj - f'mj)z \/Z] (T'u”'m/- - fym,-)z

— r,mj

— r,mj

sim(u;,u,) =

3)

Next, we select the number of users who are the most
similar to the target user to be the best neighbors. The popular
techniques are best k-nearest neighbors (k-nn). After that, we
calculate the user’s preference score for each item based on the
best neighbors’ preferences by using the following equation.

ZuVEUSim(uiv uv) [ru,,,m,- - Fuv,-]

Y eulsimug, u,)|

pui,mj =

Ty

“)

I1I.

The overall steps of this research is shown in Fig. 1.

EFFICIENT COLLABORATIVE FILTERING ALGORITHMS

Last.fm
(Music Database)

A. Generating Micro Profiles with Time Contexts

l

B. Converting to Log scale

C.Prediction Process

H Item Mean Algorithm Simple Mean Based Algorithm Tendencies Based Algorithm

D. Evaluation

Fig. 1. Our experiment design steps
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A. Generating Time Contexts

In this work, we evaluate each method with Last.fm
database [10], which is consisted of the history of music
listening of individual users together with a time stamp. After
that, we must convert to those data in the form of frequency of
music listening for each user in a given time. Our proposed
method represents a single user by many sub-profiles, again
called “Time Contexts”. Thus, this research will test the
performance with two datasets. First dataset is all data which
are not segmented into the specified time range. The another
one is Time Contexts that all data of each user are split into
pre-define five time segmentation called Morning (00:00-11:59
AM), Afternoon (12:00-17:59 PM), Evening-Night (18:00-
23:59 PM), Weekend (Saturday, Sunday), and Weekday
(Monday-Friday).

TABLE IL. TIME CONTEXTS USED IN OUR RESEARCH.

Data The number of users The number of music
Morning 182 130,519
Afternoon 184 79,231
Evening-Night 187 103,393
Weekend 212 98,387
Weekday 190 162,442

B. Converting to Log scale

Since the frequency of music listening of each user
obtained the previous step may be different scales. For
example, some songs were listened only a few users but some
songs were very popular listened many times. So, we convert
the number of times the user listened to music as an
approximation of rating score by using log scale [11] as shown
in Eq. (5). We will call an approximation of rating score in
short as rating.

TZ,m\, = ]ng(rui,mj +1)

&)

C. Prediction Process using Tendencies Based Algorithm

The step is used to generate the prediction score of user’s
music taste given the current time based on Tendencies Based
algorithm [8]. This algorithm captures to tendency users and
items with observe means of users and items. For example [8],
a user that only listens songs that he/she has liked will have a
high mean. But if many other users also liked such songs, each
song may actually have a higher mean rating that the rating
given by the users. Thus the user tends to listen songs
negatively, even despite their high mean. In an initial step of
this process, we determine the tendency of user by considering
mean of music or songs and mean of songs rated by users, and
the tendency of song that considering average of user and
music rated by user.

Tendency of user (ub, )

_ lel/a\/l” (ru, m

) (©)
M.

.m;

ub

(T
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And, tendency of music or song (l'bm‘ )
]

Py 1)
l_bm:Zu,d, o
U,

M, : the number of songs rated by user u,

(7

where

U, : the number of users listening music m j

(b)

d

Fig. 2. Relation between mean (circle) of user and music and the tendency of
user and music (arrow).

Then this algorithm calculates the prediction score by
considering in 4 cases as the following.

The first case, Fig. 2(a), we observed that there are
positive tendency both of user and music. So if tendency of

user (ub, ) is more than mean of music (. ) and tendency of
i \m;

music (b, ) is more than mean of user (r, ), then prediction
J (k)
score will calculate as:

max(7,, + iy s Tom; + ub,,)

®)

pui,mj =

The second case, Fig. 2(b), we noticed that there is
negative tendency of both user and music. This means that if

tendency of user (”bu, ) is less than mean of music ( Fom, ) and
tendency of music (ib, ) is less than mean of user (a), then
prediction score will caiculate as:

Puym; = min(r, + by, T + ub,,)

€

The third case, Fig. 2(c), we observed that positive item
and negative user which observe from tendency of items is
more than mean of user, but tendency of the user is less than
mean of item. So if tendency of user (ub, ) is less than mean of
music (T) and tendency of music (b, ) is more than mean

Jﬂl j
of user ( rT,) and mean of music (;) is more than mean of

user ( ? ), then prediction score will calculate as:
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Puym, = MIN[Max(Fy,, (o, + uby) o + (7, + iy, ) (1=0)), 7)) (10)

where, alpha is the greater confidence value of mean of
user and music.

The last case, Fig. 2(d), tendency have distinct difference
tendency. This means that tendency of user and item is
opposite. So if tendency of music (jb, ) is more than mean of

user ( K) and tendency of user (ub, ) is less than mean of

music (7, ) and mean of user ( ) is more than mean of
m; ;s

music (), then prediction score will calculate as:

pui,mj = T_:,m]' & +Ful(1_oc) (11)

D. Prediction Process using Item Mean Algorithm

Item Mean algorithm [8] is the other algorithms used to
predict users’ preference or tendency score. This is a simple
algorithm just considering items of users’ evaluation. We use
mean of item in prediction by not take into account variation
of user.

—— (12)

E. Prediction Process using Simple Mean Based Algorithm

This algorithm is used to predict users’ preference [8]
considering mean of items and mean of users as shown in the
following equation.

S Skemy, Tujmy = Tomy) (13)

pui,mj - .,mj |Mu|

By M, number of item at user u; evaluation

F. Evaluation

This work uses the statistics measurement such as Mean
Absolute Error (MAE) and Root Mean Squared Error (RMSE)
[12] to evaluate our proposed model. The followings are the
equation of two measurements.

Z;'L=1 |rui,mj - prui,mjl

MAE,; = n (14)
L MAE,,
MAE = ==—— (15)

And, Root Mean Square Error (RMSE)

7:1 (rui,m)- - prui,Mj)Z

RMSE,; = " (16)

where D7, m, the predicted score of music 772; and user

Uu.

1

1. the number of music the user ¥ has evaluated
N : the number of users

IV. EXPERIMENTAL RESULTS

The evaluation process in this work is a comparison among,
Simple Mean Based algorithm, Item Mean algorithm, and
Tendencies Based algorithm for all data which are not
segmented into the specified time range. Besides, we will
compare Tendencies Based algorithm, Simple Mean algorithm
and Item Mean algorithm incorporated with Time Contexts
data sets because these three algorithms have the same
computational time, which show details later. This comparison
is illustrated in Table III. All experiments, we run on the CPU
speed at 3.20 GHz with 8 GB main memory, ad use Python
programming language to develop program.

Fig. 3 shows MAE and RMSE calculated from all dataset,
which are not segmented into specified time range, of Simple
Mean algorithm, Item Mean algorithm and Tendencies Based
algorithm. This graph shows that Tendencies Based algorithm
gives the lowest errors both of MAE and RMSE. This means
that we can combine Tendencies Based algorithm and Time
Contexts to improve accurately predict user’s preference.

1

0.8

0.6
0.4

0.2

Item Mean

Tendencies Based

Simple Mean

m MAE EIRMSE

Fig. 3. MAE and RMSE of Tendencies Based algorithm, Simple Mean
algorithm, Item Mean algorithm and user-based collaborative filtering.

TABLE IIL COMPARISON AMONG TENDECIES BASED ALGORITHM,
SIMPLE MEAN ALGORITHM, AND ITEM MEAN ALGORITHM WITH TIME
CONTEXTS DATA SETS.

Data Item Mean Simple Mean Tendencies Based
MAE RMSE MAE RMSE MAE RMSE

Morning 0.4113 0.6208 0.3973 | 0.5521 0.3656 | 0.5315
Afternoon | 0.2799 0.4598 0.2866 | 0.4047 | 0.2545 | 0.3769
Night 0.3387 0.5272 0.3331 0.4681 0.3067 | 0.4498
Weekend 0.3267 0.5149 0.3273 | 0.4606 | 0.2884 | 0.4297
Weekday 0.4904 0.7162 0.4588 | 0.6328 0.428 0.6137

The results displayed in Table III shows that when
considering with algorithms having the same as computational
complexity, we can see that Tendencies Based Algorithm with
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Time Contexts still gives the lowest errors in both of MAE and
RMSE with all of Time Contexts data sets.

V. CONCLUSION AND FUTURE WORK

In this paper, we compare different techniques of
collaborative filtering especially the constant prediction time
of such algorithm: Tendencies Based Algorithm; Item mean
algorithm, Simple mean based algorithm. To see the
performance of these algorithm with contextual information,
each single user’s profile is divided into many Time Contexts
based on pre-defined time segmentation. These Time Contexts
can improve the prediction accuracy and can meet the users’
needs Moreover; the adaptation of Tendencies Based
Algorithm with Time Contexts can overcome traditional
collaborative filtering problems especially high accuracy and
more efficiency.

In future work, we will alleviate sparsity problem and cold
start problem at new songs added in system that user has not
been recommended. This problem suffers in collaborative
filtering and tendencies based algorithms. Besides, this work
uses only time contextual that we should take into account
genres or artist for increase accuracy in prediction.
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Abstract— In this research, we propose using time context to
improve predictive accuracy and quality of collaborative filtering
for music recommendation. We use time contextual information
called micro-profiling. Thus, each user has multiple micro
profiles, in particular, six-time slots instead of a single profile.
The recommendation is performed depended on these micro-
profiling. Our method takes into account time intervals in
listening music represent user preference in up-to-date. In rating
prediction approach, we adopt fendencies-based algorithm, one of
the collaborative filtering algorithms, which is very low
computational time and memory requirements. From the
experimental results, it has shown that the performance of our
approach gives more accuracy and low computational time than
traditional CF and CF with matrix factorization.

Keywords- music recommender system; time contexts; micro
profiling; tendencies based algorithm; predictive model

1. INTRODUCTION

As the amount of digital music increases tremendously
nowadays, it has become more difficult for users to choose
related digital music. The music recommender system has been
developed to help and discover digital music among
information overloading condition. The successful and well-
known music recommendation is collaborative filtering (CF)
approach especially user-based CF. This approach predicts a
user’s preferences (ratings) on target item by aggregating the
preferences that a few similar users have previously given to
that item. Similar users are determined using a similarity metric
such as the Pearson correlation or the cosine similarity and the
K-nearest users with the highest similarities to the given user
are selected. Then the predicted rating on that item is generated
based considering and analyzing the information of K nearest
users [1, 2, 3, 4]. However this approach presents serious
problems. First, the computation of similarities between all
pairs of users is expensive in quadratic time complexity.
Second, the recommendation accuracy depends on the adopted
similarity measure [2]. Furthermore, most of recommendation
system encounters with sparsity problem because each user
rates or gives his/her preference only a small number of the
available items. In this case, finding the similarity among
different users is challenging task [3].

Most of music recommender systems often recommend in a
few popular music in such that users do not prefer or cannot
always meet the users’ need. Because these systems do not
consider the users’ current situations, and users may have
different preferences in different contexts. For example, users

978-1-4799-1966-6/15/$31.00 ©2015 IEEE

63

listen to one type of music while working and another type of
music before going sleep [5, 6, 7]. Therefore, the additional
information beyond users’ rating plays an important role in
determining users’ preference for building predictive models to
enhance the recommendation performance. For example, C. H.
Park and M. Kahng [5] have presented behavior’s user that
founded time dimension in music listening is different other
contextual dimensions. Because some genres of music are
preferred at specific time of day such as ballad, dance, pop, and
rock genres has a peak at noon and decrease rapidly in the
evening. The ballad song has been listened more than pop
dance genre in winter but, in summer pop dance genres listened
to more than ballad song [6]. L. Baltrunas and X. Amatriain [7]
proposed a new time-aware recommendation approach called
micro profiling. This approach assumes that the users’
preference changes over time but has a temporal repetition.
Thus, it splits each single user profile into sub-profiles that best
represent the user in a particular time slot. Pre-defined time
segmentation is done for the day (morning, evening/night), the
week (weekend, weekday), and the year (cold season, hot
season) temporal repetition. Then, the popular factorization
based on CF algorithm is performed depended on these micro-
profiles. This means that they use only the profiles of the
relevant segment. For example, they use only the user micro-
profile of the morning to predict the music preference for the
morning. Although, this approach considers additional
information for improving the music recommendation, it still
faces serious problems caused by using CF algorithms that we
mentioned such problems before. Besides, this approach cannot
predict user’s rating on overlapping time partitions such as
when predicting a rating for the morning on a weekend.

F. Cacheda and et al. [8] presented a variety of CF named
Tendencies-Based CF algorithm to overcome those drawbacks.
This idea based on the tendencies or difference between users
and items instead of on their similarities. Tendencies-Based CF
is easy to compute, and can be accurately calculated using
much fewer data with very low computational time and
memory requirements. This approach is as accurate as most
modern methods, and its computational efficiency is much
better based on two popular datasets, MovieLens and Netflix.
Unfortunately, this approach may be not suitable for other
recommendations like music recommendation. Besides, the
addition information has not been used in their research that
only the ratings are considered. Especially, time context
conditions influence to music listening behavior.



In this work, we propose a constant time of CF used in
music recommendation. Our approach adopts Tendencies-
Based CF algorithm based on time contextual information that
is implicit user feedback. Our approach assumes that the music
listening behavior changes over time but a temporal repetition.
For example, users listen to one type of music while working
and another type of music before going to sleep. We use time
contextual information called micro-profiling that is similar to
paper reference no. [7]. A single user has multiple micro
profiles in particular time contexts instead of a single profile.
Unlike [7], we concern the overlapping time slots. Thus, we
decide on six different micro profiling generated by the
Cartesian product of set of the day (morning, afternoon,
evening/night) and a set of the week (weekend, weekday). The
six-time slots will be the same for all users. Our experiments
present performance of our method that gives more accuracy
and low computational time than traditional CF and CF with
matrix factorization.

The outline of the rest of this paper is as follows. In Section
I, notation is defined. The background knowledge is
introduced in Section III. Our approach is proposed in section
IV. Section V illustrates the experimental results of our
approach. Section VI is the conclusion of this paper.

1L

First, we introduce all notations used in this paper as shown
in Table L.

NOTATIONS

TABLE L NOTATIONS USED IN THIS WORK

Notation Description
U={u,uy, ..., u ..., uy} Set of N users
M ={m;,m,,..,mj, .., my} Set of K songs

User-Music rating Matrix |U| X |M]|

R

Tm Rating of song m; listened by user u,
v

Tum Rating of song m; listened by user u;
vmy

Ty Rating of song m,, listened by user u;

Ty, = {Tuum; € RIm; € M} Set of rating of songs listened by user u;

Set of rating of music m; listened by users

Tom = {rui.mi € R|y; € U}

7 Rating mean of user u;

ug

Rating mean of user u,,

T,
14
7 Rating mean of music m;
m;
Rating prediction for user u; listening
Pu;m; music m;

I11. BACKGROUND KNOWLEDGE

A. Collaborative Filtering Algorithm (CF)

In user-based CF, the system allows users to give a set of
user ratings on items (videos, songs, films, etc.) in such that
when enough information is stored in the system, we can make
recommendations for each user based on information provided
by users who have the most in common preference [1]. So in
music recommendation, this approach predicts a user’s
preferences (ratings) on target music by aggregating the
preferences that a few similar users previously given to that
music. The similarity measure between users is determined.
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For now, let sim(u;, u,,) be the similarity between users i and v.
The popular similarity metrics are cosine similarity, Pearson
correlation similarity, and adjusted cosine similarity as shown
in (1), (2), and (3) respectively. Then the K- nearest neighbors
(K-nn) is applied to find other users who are the most similarity
to the target user. After that, user’s preference for each music is
computer based on the best neighbors’ preferences by using (4)

[4].

Zj(rui,m “Tuym )

J J (1)
\/Zj(rui,mj)z\/Zj(Tuv,mj)z

sim(u;, uy,) =

- rui,-) (ru,,,mj - 7"u,,,')

Z/’EMMM,, (rui,m]-

sim(u;, u,) = - - (2)
\/ZjEMunMV (Tui,mj - Fui,-) \]ZjeM,mM,, (ru,,,mj - fu,,;)
sim(u;, u,) = i (Tui'mj B szz) (r“v'mf B F’rmf) :
\/ 2 (r“i'mf - f"'lf) \/ 2 (r“v'm;‘ - f'"‘f) (3)
- Yuyeu Sim(ui'uv)[ruv,mj_fuv,-]
pui'mj = Ty, Tuyeulsim(uiuy)l )

B. Matrix Factorization

Matrix factorization technique (MF) [9] is a decomposition
matrix approach that factorizes the original matrix into two or
more matrices. When multiplying them back, it will get the
original matrix as shown in (5). In recommendation system,
matrix factorization can be used to discover some latent
features. If we can find these latent features, we can predict
rating with respect to a certain user and a certain item [8].

The mathematics of matrix factorization is described as
follows. Let R be the matrix of size |U| X |M| that contains all
the ratings that the users have assigned to the music. If we
would like to find K latent features, two metrics user (i.e.,
P =|U| X K) and music (ie, Q = |M| X K) from rating
pattern are estimated such that their product approximated R:

R~PxQ"=R ®))
Where R : approximation matrix |M| X |U|

Iv.
The framework of our system is described in Fig. 1.

OUR APPROACH

A. Last.fm Data Information

In this work, we use last.fm data [7] set collected during
2005 to May 2009 containing 357 European users who used
last.fm services. Each user listened to songs and was stored in
the uses’ profile together with an appropriate time stamp [7].
This service provides only implicit user feedback as shown in
Table II. We also cleaned the data by removing songs that
were listened less than five users.



Last.fim
(Music Dataset)

C. Converting implicit into explicit rating

!

D. Tendencies-Based Algorithm

!

E. Evaluation

Figure 1. Overall our approach

TABLE IL THE EXAMPLE OF IMPLICIT USER FEEDBACK OF LAST.FM
DATA SET

User Timestamp Artist Artist Music Music

id id name id name

ul 2009-04-08 al Something ml Aliean
T01:17:04Z

ul 2009-04-08 a2 Simple m2 Space
T23:51:45Z

ul 2009-04-08 a2 Simple m2 Space
T23:51:45Z

B. Extracting Micro-profiling

Our proposed method represents a single user by multiple
micro profiles in particular time segmentation. We defined
time segmentation in forms of the day (morning, afternoon,
evening/night) and the week (weekend, weekday). Morning is
defined as 00:00-11:59 am. The afternoon is defined as 12:00-
17:59 pm and evening/night is defined as 18:00-23:59 pm.
The weekend is covered only Saturday and Sunday), and
Weekday is for Monday to Friday. After that, six different
micro profiles are generated by using the Cartesian product
between a set of the day and set of the week as shown in Fig 2.
Thus, six-time slots will be used for all users. To make
recommendations, we will use our pre-defined micro profiles
instead of a single profile for each user in the particular time
slot. After that, we create User-Music frequency matrix
(implicit information) for each micro profile as described by
Fig. 3. Table 3 is shown the summary of each micro profile.
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Micro profiles

Extract | Morning |}
el | Weekday
Raw file T
All Dataset — D
Morning |
e | Weekend
Figure 2. Extracting all data into micro profiles
User_id | Timestamp | Art_id Artist M_id Music
2009-04-08 Some .
o roraroaz | Thing | ™ | Aliean
2009-04-08 .
ul TO1:47:407 a2 Simple m2 Space
2009-04-08 Simple §
Wl rorsranz | @ m2 | Space
Create User-Music
Frequency Matrix
ml | m2 | m3 | md4
ul | 120] 80 | 71 | 68
u (62| 2 0 |20
u3 2 18 | 100 | 32

Figure 3. One of micro profile was converted to User-Music frequency matrix.

TABLE IIL SUMMARY OF EACH MICRO PROFILE
. . # of
Micro Profiling #of Users | # of Tracks
Frequency

Morning/Weekday 354 20,928 197,269

(MWday) ’ ’
Afternoon/Weekday

4 27,31 272,42

(AWday) 35 7,315 72,429
Night/Weekday 351 23,971 233,864

(NWday) ’ ’
Morning/Weekend 40 0 67.704

(MWend) 3 8,505 7,7
Afternoon/Weekend

(AWend) 345 12,322 106,936
Night/Weekend 337 10,290 87,195

(NWend)

C. Converting implicit into explicit rating

Most CF algorithms use explicit feedback in form of
ratings that are collected directly from users. In this work, we
focus on the music domain, and there is no explicit user
feedback. Thus, we need to map implicit information into the
explicit ratings. This work uses mapping method as same as
used in the research no. [7]. Firstly, we compute the
complementary cumulative distribution of song plays in the
micro profile. Songs located in the top 80-100% of the
distribution are assigned a score of 5, while songs in the 60-
80% range assign a score of 4 as shown in Table IV. Table V
shows the example of mapping to rating score for a single user



who plays overall songs 1,631 times from whole dataset.
Thus, songs at 100-80% of distribution get rating 5 and song
at 79-60% of distribution get rating 4. Table VI shows the
rating distribution of the data set. This is a specific property of
the music data sets since a single user listens to a lot of unique
songs [7]. Figure 4 shows the results of mapping User-Music
frequency matrix to User-Music rating matrix for further used
in next step.

TABLE IV. MAPPING PERCENTAGE OF CUMULATIVE DISTRIBUTION OF
PLAYS INTO RATING SCALE
Percentage Rating Mapping
100-80% 5
79-60% 4
59-40 % 3
39-20 % 2
19-0 % 1
TABLE V. THE EXAMPLE OF MAPPING IMPLICIT INTO EXPLICIT RATING
FOR A SINGLE USER
Frequency (x) 120 80 71 68
P(X=x) 120/61 80/161 71/1631 | 68/1631
Cumulative 10.074 | 1-0.123 | 1-0.167 | 1-0.042
F(x)
Percentage 92.6 87.7 83.3 71
Rating 5 5 5 4
TABLE VI. NUMBER OF RATINGS IN THIS WORK
Rating 1 2 3 4 5
#Ratings 692,015 11,328 4,017 2,073 993
Percentage 97.41 1.6 0.57 0.29 0.14
ml | m2 | m3 [ m4 ml [ m2 | m3 | m4
ul [120] 80 | 71 | 68 ul | 5|55 14
u2 [ 62121020 u | 4111072
uld [ 2 |18 [100] 32 w1l |25]3
Mapping to \
User-Music Rating Matrix

Figure 4. Mapping User-Music frequency matrix to User-Music rating matrix.

D. Tendencies-based algorithm

This work uses an alternative approach of CF named
tendencies-based algorithm [8], to predict user’s music
preference in term of rating, given the current time. Unlike
CF, the tendencies-based algorithm is not based on the
similarities between users or items. This approach captures
tendencies of users and songs by finding a relation between
them. Instead of using similarity calculations, tendencies are
an easy way to compute, and they can be accurately computed
using much fewer data [8]. This is a very interesting feature of
the tendencies-based algorithm because it will allow the
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development of accurate method with very low computation
time and memory requirement.

The idea of the tendencies-based algorithm is to predict
user’s music preference by considering tendency of users and
songs. This refers to whether a user tends to rate songs
positively or negatively. For example [8], a user that only
listen songs that he/she has liked will have a high mean, but if
many other users also liked such songs, each song may
actually have a higher mean rating that the rating given by the
users. Thus, the user tends to listen to songs negatively, even
despite their high mean.

In the first step, we have to determine the tendency of user
u; (uby,) as the average difference between user’s ratings and
the song mean as shown in (6).

Xm -eMu(Tul-,mj—ﬁ,mj)

: 6
[My| ©)
For tendency of songs, we define the tendency of song m;
(ibm].) as the average difference between user’s ratings and the

uby, =

user mean as shown in (7).

_ Zuieui(rui,mj _fui',)

lbmj B Uil ™
Next steps, we calculate the predicted rating by
considering in 4 cases.
rl]]}uq.l-l
_ru+ ibm-
1 ]
_rl.li+ibl'll
Tiub,

(©) (d)
Figure 5. The relation between mean (circle) of user and song, the
tendency of user and song (arrow) and rating prediction (cross).

Case I, Fig. 5(a), both user and song have positive
tendency. This means user tends to give ratings that are above
the song mean rating and the song tends to be rated above the
user mean [8]. Then, if tendency of user u; (ub,,;) is more than
average of song m; (f,_m}.) and tendency of song m; (ibmj) is
more than mean of user u; (Fui,»)’ then we use formula (8) to
predict rating for user u; that will listen song m;.

= max (fui,- + ibmj, Tomj + uby,;)

®)

Case 11, Fig. 5(b), occurs when both user and song
have negative tendency. This means the user rates songs
below their mean and the song tends to be rated below the user
mean [6]. Thus, if tendency of user u; (uby,) is less than

pu m Jj



average of song m; (f,mj) and tendency of song m; (ibm].) is

less than average of user u; (Fui,.), then rating prediction for

user u; listening song m;, are calculated using formula (9).
pui,mj = min (Fui'. + lbm]' f,m] + ubui)

€

Case I11, Fig. 5(c), occurs when the user tendency is to rate
songs below their mean, and a good song is to be rated above
the user mean. Thus, if tendency of user u; (uby,) is less than
mean of song m; (f‘mj) and tendency of song m; ( ibmj) is
more than mean of user u; ( 7y, ). For corroborate their
tendencies, we notice mean of song is more than mean of user
or vice versa, then rating score for user u; listening song m;,
can be predicted using formula (10)

Pu;m; = min[max (fui'_, (f,m,— + ubui) o + (Fui’_ + ibmj) (1—0()) Tomy]
(10)
where, « is the greater confidence value of the average of user
and song.

Case IV, Fig. 5(d), their tendency are not corroborate. This
means that tendency of user and song is opposite. So if
tendency of song m; ( ibmj) is more than mean of user u; (fui'i)

and tendency of user u; (uby,,) is less than mean of song m;
(F.,mj) but mean of user u; (7, ) is more than mean of song m;
(F.,mj), then predicting score for user u; listening song m;, can
be calculated using formula (11):

= f‘mj & 47y, (1=)

(In

pui,mj

E. Evaluation

The objective of recommendation system is to recommend
only good songs. The traditional prediction accuracy metric,
such as mean absolute error (MAE) [10], is not suitable and
not the best evaluation metric for the find good songs task.
Because MAE metric calculates the average error committed
on the whole songs. In this work, we used GIM (Good Item
MAE) as same as used in [8] that compute the MAE in the
prediction of good songs. In this work, we set a rating
threshold for considering good songs those rated with more
than 1 point. GIM metric is shown in (12) and (13).

Zr'l= |Tu-,m<_pui,m<|
GIM,, = % (12)
N .
GIM = Liza G1Muyy (13)
In addition, this work also evaluated top-N

recommendation quality by precision, recall, and F1 measure
as shown in equation (14), (15) and (16) respectively. Table
VII presents the details of these equations.

.. _ f#itp
Precision = Prer. (14)
_ #tp
Recall = P (15)

recisionxrecall
F1measure = 2 x 2> 207e (16)

precision+recall

67

TABLE VII. CONDITION OF RECOMMENDATION EVALUATIONS
Recommended Not Recommended
Preference tp fn
Not Preference fp tn
V. EXPERIMENTAL RESULTS

This work evaluated using last.fm data set collected during
2005 to May 2009 containing 357 European users who used
last.fm services described in section IV. The proposed
approach was compared with the following algorithms.

- The classical user-based collaborative filtering (CF). We
used cosine based similarity and 10% of users as best nearest
neighbors.

- The collaborative filtering with matrix factorization (MF)
[9]. In MF, we set the latent factor to 80, iteration to 100,
learning rate to 0.005 and beta to 0.02.

Both of CF and MF were tested for the full data set and
each micro profile. Those data sets were transformed into
explicit ratings as described in section IV (C).

Fig. 6 shows the results evaluated with GIM metric.
Testing with full data set, GIM values of the tendencies-based
algorithm, CF, and MF are 3.2193, 3.2253, and 3.2195
respectively. Evaluating with each micro profile, most of the
results obtained from these three algorithms got GIM accuracy
with similar results.

For recommendation quality evaluation, we evaluated with
Precision, Recall and F1 measure in top-10 recommendation.
The results are shown in Figs. 7, 8, and 9 respectively. From
experimental results illustrate that tendencies-based using
micro profiling has given higher quality than CF and MF for
all data sets. This means that tendencies-based with micro
profiling (our approach) could be informative enough to
determine the users’ behavior accordance with time context.
Thus, our approach can improve the accuracy and quality of
the recommendations.

This work also compared with computational efficient of
tendencies-based algorithm, CF, and MF. In offline
experiment, CF needs more time to compute similarity
between all users with a complexity of 0(m?n) and time to
compute a single prediction is 0(mn). For MF carries out
expensive computational because matrix factorization
technique is based on SVD with a complexity of 0(mnk + m?n).
Our approach obtains the best results with a complexity of
0(mn) in computing equations (6) and (7), and with a
complexity of 0(1) in prediction process, where m is a number
of users, 7 is a number of music, and & is a number of factors.
Table VIII shows the execution time used in those three
algorithms.

Table VIII shows the execution time used in those three
algorithms. Time was measured on a PC with CPU speed at
3.20 GHz, 8 GB RAM, and all algorithms were implemented
in Python.
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Figure 7. Comparison with Precision value in top-10 recommendations.

TABLE VIII.  EXECUTION TIME OF THE DIFFERENT THREE ALGORITHM
STUDIED WITH MICRO PROFILING
Approach Model Construction Prediction
Pp Time time
CF 2,102.34 sec. 456.18 sec.
MF 86,361.95 sec. 1,028.34 sec.
Our approach 11.81 sec. 9.39 sec.
VI. CONCLUSION

In this work, we exploit time context to improve predictive
accuracy and quality of collaborative filtering for music
recommendation. Because most of the music recommender
systems often recommend songs in a few popular music in
such that users do not prefer and do not consider the users’
current situations. Especially, the users’ preference may
change over time but has a temporal repetition. Therefore, this
research introduces time contextual information called micro
profiles. The overlapping micro profiles are generated by
using Cartesian product between a set of the day and set of the
week. Thus, a single user has multiple micro profiles in
particular time contexts instead of a single profile. In rating
prediction approach, this work adopts tendencies-based
algorithm, one of the collaborative filtering algorithms, which
is a constant time in this process and very low memory
requirements. Thus, applying tendencies-based algorithm is
done using those micro profiles in particular time slots. In this
work, we compare our approach (tendencies-based algorithm
with micro profiles) with CF and MF (CF with matrix
factorization). Both CF and MF are also done using those
micro profiles. From the experimental results, it has shown
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Figure 8. Comparison with Recall value in top-10 recommendations.
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Figure 9. Comparison with F1 measure value in top-10 recommendations

that the performance of our approach gives more accuracy and
low computational time than traditional CF and MF.
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Abstract—Most of research works in music recommendation
systems use Collaborative Filtering (CF) for generating person-
alized recommendations based on user’s previous song ratings
or static usage history data. But those researches adapting CF
do not consider behavior of listening to songs and are not able
to maintain the systems to sensitive to recent user’s preferences.
Behavior of music listening is continuous and repetitive process,
especially, the latest song listening can infer to the favorite
song at that moment. In this work, we present Incremental
Session based Collaborative Filtering with forgetting mechanism or
ISSCF by adapting Session-based Collaborative Filtering (SSCF),
which considers music listened continuously and maintains the
recent session. In order to avoid unnecessary memory usage and
processing time, we use forgetting mechanism: sliding windows
and fading factors incorporating with SSCF. We evaluate our
purposed framework by measuring the HitRatio. From ex-
perimental results, it shows that performance of our purposed
approach increases the accuracy of recommendation and low
computational time and space when comparing with than SSCF.

Keywords—music recommendation; forgetting mechanism; ses-
sion; collaborative filtering

I. INTRODUCTION

Music Recommender System (MRS) has an important
role to help the users to find songs that they really want
from a large amount of songs. In provider aspect, MRS is
able to filter and to choose appropriated music for the users.
Most of MRS uses Collaborative Filtering algorithm (CF) for
generating personalized recommended songs by considering
users behaviors (such as rating, clicks, history and purchase,
etc.) [1], [2], [3], [4]. However, CF requires many users and
many ratings and is unable to recommend songs that have a
few ratings. This means that users have to well provide their
taste if they need effective recommendation.

Characteristic of music domain has different from other
domains like movies, books and news. Listening to music
is continuous and repetitive process. Especially, users tend
to prefer to listen to preference songs repetitively in session
rather than isolated [4], [5]. Accordance with S. E. Park and
et al.[5] tries to capture order and repetitiveness in the playing
songs. They proposed Session-based Collaborative Filtering
approach (SSCF) for next song prediction with the currently
played songs in Bugs Music dataset. SSCF adapt collaborative
filtering based on user by taking into account relation of
session profiles instead of user profiles. The experiments show

978-1-4673-7825-3/15/$31.00 © 2015 IEEE

that SSCF outperforms than traditional collaborative filtering
in term of accuracy.

R. Dias and M.Fonseca [6] presented improving music
recommendation approach named Temporal Session based
Collaborative Filtering approach (TSSCF). This work extracts
temporal context including time of day, weekday, a day of
month, a month from session profiles, and takes into account
the song diversity played in the session. After that, the TSSCF
groups sessions according to different of temporal context by
using Gaussian Mixture Model via Expectation Maximization
algorithm. Finally, the part of recommendation approach is
applied with SSCE. Comparing with the traditional session-
based CF, the TSSCF can achieve better accuracy values.

However, SSCF and TSSCF approaches are still based
on traditional user-based CF. It uses the fully static listening
history of users to perform recommendation and requires very
expensive computational time and space with the growth of
the number of users and music in a database. Thus, both
SSCF and TSSCF approaches are not appropriate for on-line
manner because the on-line music service always increases
new users and new songs. These two algorithms are faced
with the scalability problem. This causes the system to become
less predictive ability. In order to overcome this problem, we
introduce Incremental Session based Collaborative Filtering
with forgetting mechanisms or ISSCF ,in short; by modifi-
cations in SSCF [5]. Our approach is capable to accurately
recommend the next songs for the active session by considering
past sessions in on-line manner. Because of increasing new
users and new songs, our approach uses forgetting mechanisms
to handle old and obsolete data, and maintain the MRS con-
cerning to recent data. It is possible to reduce memory usage
and processing time as well. In this paper, we evaluate the
efficiency of two forgetting mechanisms — sliding windows and
fading factors. In our experiments, we evaluate the accuracy
of our purposed algorithm with the HitRatio (HR@n)[5],
[6], and also evaluate the time-consuming of our model by
comparing with SSCF. The results are shown that our purposed
algorithm outperforms in terms of accuracy and computational
time.

II. BACKGROUND KNOWLEDGE

A. Collaborative Filtering Algorithm (CF)

Collaborative filtering (CF) is the well-known personalized
recommendation technique that widely used in recommender
system. The basic idea of CF is to help users to find the



items they would like to purchase based on rating of those
items by other users with similar taste. CF produces a
prediction score or top-N recommendation list of items
for an active user. More formally, there are a set of
users U = {uy,ua,...,u;,...,uny} and a set of items
M = {mi,mq,...,m;,...,mg}. Each user has rated a
subset of items such as movies, music, book and etc. All
available ratings (ry, m;) are collected in user-item rating
matrix denoted R matrix as illustrated in Fig 1. In the first
step, it finds similarity between active users u; and users u,
having co-rated as M; N M,,. The popular similarity measures
are cosine similarity and Pearson correlation similarity as
given in (1) and (2). Next, the & most similar users are
selected as the k-nearest neighbors of active user. Then, CF
calculates the prediction rating (pui,mj) that active user (u;)
would probably prefer item (m;) based on his/her neighbors
using (3). Finally, the top-/N recommendation list is generated
based on highest prediction scores [2], [7].

u 2 3 5

I, I, T,
l'll ui,ml ui,mj ui,mK
uN 5 1 2

Fig. 1. The example of user-song rating matrix

Cosine similarity :

Z (Tu'i s Tu, .,mj)

JEM;n M,

Z (rui,mj)2 Z

JEM;n M, JEM;n M,

sim (u;, uy) =

2
(Tuv,mj)

ey

Pearson correlation similarity :

sim (u;, uy) =

Z (r“ivmj _7u1,> (Tuv’mj _?uv")

JEM;n M,
_ 2 _ 2
Z (Tui,mj - Tuir) Z (ruv’my‘ B Tuv")
JEM;n M, JEM;n M,
(2)
sim (g, Uy) | T4 =Ty
Puuimy = Ty + e S L ) o, T )

EUUGU |Slm (ui7uv)|

B. Incremental Collaborative Filtering Algorithms

M. Papagelis and et al. [8] presented Incremental Collab-
orative Filtering (ICF) for handling scalability problem. ICF
is based on incremental updates of the user-user similarities.
When active user submits a new rating or updates existing
rating then similarity between active user and the rest of need

to be recalculated in relation to the old similarity values. ICF
approach illustrates that it can reduce computation complexity
from polynomial time to linear time that gives higher potential
than classic CF. C. Miranda and A. M. Jorge [9] proposed
the incremental version of item-based CF for binary ratings
that regards recommendation approach based on item instead
of user. This approach shows that it uses less computational
cost and gives predictive accuracy more than user-based CF.
In addition, X. Yang and et al. [10] developed scalable item-
based collaborative filtering. To deal with scalability problem,
incremental update of item-to-item similarity is proposed. In
rating prediction process, local link prediction in item simi-
larity graph is used to find implicit neighbor candidates. The
experimental results validate that this approach can increase
the efficiency in recommendation. Besides, CF should be able
to efficiently process data online in order to keep the system
up-to-date [11]. J. Vinagre and A. M. Jorge [11] proposed
incremental collaborative filtering with forgetting mechanisms
approach that maintains recent preference of user. It decreases
older importance information with sliding windows and fading
factors approaches. The experimental results show that this
approach is able to reduce processing time and memory while
not significant reducing predictive potentiality of the algorithm.

Although all of these algorithms mentioned before are
designed to handle the scalability problem, actually it cannot
improve the accuracy of the recommendation system. Because
these algorithms consider only user-rating matrix or item-
rating matrix and do not take into account behavior of listening
to songs or characteristics of songs as the additional informa-
tion. Moreover, listening to music is continuous session and
repetitive process [4], [5], [6]. All of those algorithms do not
concern about listening behavior. This will lead to increase the
accuracy of the recommendation systems.

III. OUR APPROACH

The framework of ISSCF system (our proposed system) is
described in Fig. 2.

S —
Music Dataset

A. Session Generation
based on Listening Behavior

v

B. Session Based CF

C. Incremental Update
Session-Music Matrix
using Forgetting mechanisms
A

Finding Similar Sessions |«

v

Calculating k-Nearest New session
Sessions

[l o ]l [ -]
'

Feedback T

Active Session Prediction

+ Top-N
songs
Top-N recommended songs
>

Y . N Active user
in Active session Recommend

Fig. 2. Overall our approach



A. Session Generation based on Listening Behavior

In this work, we use listening dataset from last.fm!
database as shown in Fig. 3 that collected during 2005 to May
2009. When a user listens to song, one log in database is
generated. Last.fm dataset contains 6,741,330 listening logs
obtained from 582 users and 613,117 songs. Each user is
analyzed the song diversity by using diversity measuring as
shown in (4). This song diversity measures the ratio of different
songs played in a session and the total songs played [6]. If song
diversity value is closed to 1, it can inform that a user played
different songs. Otherwise, this value can inform that a user
played repeatedly the same songs. In this dataset, the average
of song diversity is 0.21. This means that most of users listened
to music repeatedly and continuously.

Uis(;er Timestamp AE:;St Artist Miuds ic Miuds ic
userl %(())296(())11-8; artl  [Don Moy | ml Mfzsgr
userl %%29(;31‘;82 artl  [Don Moy | m2 Caol\l)[f;t
userl %%099(_)(;1‘;(7)2 art3 Pogo m3 Alice

Fig. 3. The example of listening log data obtained from Last.fm

#Dif ferent songs
#All songs

Song diversity = ()

Since our framework is a modification of SSCF (Algorithm
1) [5] designed for on-line handling of on-line music services.
First, we define a session as the group of songs listened by
a user from the moment he/she starts playing songs to the
moment they stop it [5]. This work uses continuous time gap
of stopping playing songs more than 30 minutes to define as a
session. In initial process, we create 100 sessions for a single
user to avoid cold start problem as depicted in Fig. 4. Sessions
containing less than 2 songs are removed [5], [6].

User . Artist . Music Music
id Timestamp id Artist id id
2009-01-01T Moy Or
userl 09:00:10Z artl Don Moy ml Less
2009-01-01T Contest
userl 09:04:40Z artl Don Moy m2 a Moy
2009-01-01T .
userl 09:07:477 art3 Pogo m3 Alice
Userl
Timeline Current
[ 5 | N Y S [ N N
Session 1 Session 2 Active session

Fig. 4. The example of session generation

Thttp://www.dtic.upf.edu/ ocelma/MusicRecommendationDataset/

Algorithm 1 Traditional SSCF

I: Input : D N,k

2: OQutput : Top N recommended songs

3: Create session-music matrix Met with set of sessions ss
€ music datasets D

4: Calculate similarity matrix with Met by using cosine
similarity

5. For each session ss,, :

6: For each session ss, :

7

8

For each song m; by j = M, ,nMss, :

j (Pssy my Tssy,my

\/Zj ("'SSu,mJ-)Q\/Z]‘ (""SSv,mj)2
9: Finding k similar session (S¥)
10: Prediction score of song m;
11: For each song m; with active session as :

12: = Ty 4 Zemmedh 5im(as,55,) [Masy m; —Tas |
: Pas,m; = Tas ey gk 15tm(as,ss,)]

13: Recommend the top-N songs (/V,...) based on highest
prediction scores

sim (884, S$Sy)

B. Session Based CF

Since this work considers session profiles instead of user
profiles for generating recommendation, Session-Music matrix
is generated for each user as illustrated in Fig. 5. Based on this
data matrix rows represent session profiles, and the columns
represent songs. Each cell contains the frequency of songs
played in that session. In this process, we concentrate on the
prediction of next appropriated songs that user requests in the
active session (current session). Thus, our approach ranks all
candidate songs and recommend top-n songs that are likely to
come after songs that are listening to.

Userl
Timeline Current
(N e Y e e T
Session 1 Session 2 Active session
(SS1) (SS2) (AS)
ml [ m2 | m3 | m4
ssl 2 1 - -
ss2 1 - - 1
ss3 1 2 4 3
ss100 1 - 1 1

Fig. 5. The example of Session-Music Matrix for a single user

The first step of this process, we find similar sessions by
measuring the similarity between an active session (as) and
other sessions (ss,). To measure the similarity between active
session (as) and other sessions (ss,) denoted as sim (as, $s, ),
we use cosine similarity [5] as shown in (5), where rating
(ras,m;) is the frequency of listening to song (m;) in active
session (as) and rating (7ss, ;) is the frequency of listen to
song (my) in the session ss,.

ZJ (TGS,mj b TSSv,m]‘ )

) =
\/Zj (TaS,mj)Q\/Zj (Tssv,mj)Z ®

sim (as, $8,




Next, we calculate the k-nearest neighbors is applied to
find other sessions which are & most similarity to the active
session. Then, the prediction score of song m; in active session
as, defined as (pas,m; ), is determined with k session neighbors
(S*) as shown in (6). Finally, all candidate songs are ranked
and recommend top-n songs playing in the active session.

D es, gk 51 (a8, 85,) [rssmmj — ?SSU]

Zss,,ESk |S7’m (GS, 3571)|

(6)

Pas,m; = Tas T+

C. Incremental Update Session using Forgetting Mechanisms

Whenever a user listened to songs from the moment he/she
starts playing songs to the moment he/she stops it, and the
stopping time of playing songs is more than 30 minutes, a new
session emerges as to be feedback from a user. Incremental
process has been presented, where our approach incremen-
tally updates Session-Music matrix every time new session
is available. In order to maintain recent preference of user,
it should be decreased older and obsolete sessions. This work
uses forgetting mechanisms to re-update Session-Music matrix.
Forgetting mechanisms used in this work are sliding windows
and fading factors approaches.

1) Sliding windows: The sliding windows approach is
performed using a sequence-based sliding window of size sw
that holds information about sw most recent sessions in type
of first-in-first-out (FIFO) data structure[11]. In this approach,
we process by fixed size of most recent sessions. When an
incoming new session is added and sw is reached to fixed
window size, then oldest session of the user is discarded as
shown in Fig. 6. Then, the similarity value corresponding to
songs in new session are updated, while other values are kept.
Algorithm ISSCF with sliding windows is shown in Algorithm
2.

ml | m2 | m3 | m4

Rcmovc' ssl 2 1
oldest session

ss2 1

ss3 1 2 4 3

ss100 4 2 - 2

Newss ! } ?
session

Sliding windows approach.

Fig. 6.

2) Fading factors: Since sliding windows provide an ef-
fective but abrupt way to forget older data. However, in many
cases previous data may contain valuable information and is
not necessarily discarded [11]. Fading factors provide another
way to gradually forget past data. The fading factors approach
is gradual forgetting or full memory approach [12] that uses
all sessions of matrix, but decreases importance of old session
with small weight as shown in Fig. 7. This approach can be
implemented by multiplying the elements of matrix for each
session by a factor w using formula (7). Algorithm ISSCF with
fading factors is shown in Algorithm 3.

w = e 7

Algorithm 2 ISSCF with sliding windows

1: Input : D, N, k, sw

2: Output : Top N recommended songs

3: Initialize session-music matrix Met with set of session

S={ss1, ..., 88100} by S € music datasets D

4: For each new active session as € D:

5: Hidden last song (mp;q4.) of as as test data
6: Update matrix M et with as
7.
8
9

If length(Met) > size of window sw then
Remove oldest session (Metss,)
Update session and music (row/column) of M et

10: (Re)calculate similarity matrix with Met by using
cosine similarity

11: For each session ss, with as in Met :

12: For each song mj by j = MgsnMs, :

13: Calculate equation (5)

14: Finding k similar session (S*)

15: Prediction score of song m;

16: For each song m; with active session as :

17: Calculate equation (6)

18: Recommend the top-N songs (/V,...) based on highest

prediction scores

ml m2 | m3 | m4
ssl 2%w | 1*w
ss2 1*w
ss3 Trw | 2%w | 4*w | 3*w
$s100 4Ew | 2%w - 2%w
New ss 1 3 2

Fig. 7. Fading factors approach

where, w : weight value
« : controlling factor to define how fast the weights decrease
t : session order

IV. EXPERIMENTAL EVALUATION
A. Experimental setup

In the experimental process, we would like to know that
whether our framework could predict the next song to be
played in the current active session based on what user has
previously listened in that session. This work removes the last
songs to be played in the queried current active session as
testing datum [6] as shown in Fig 8. One important test is
how to deal with a large amount of data and perform in on-line
manner. We consider user sessions as a data stream. From the
analysis of last.fm data, there are 564 sessions. These sessions
are divided into 100 sessions to be used as initial sessions
and 464 sessions to be used as the queried active sessions
(testing data) that will continuously feed into system. Then,
testing data is executed by our framework (ISSCF) and SSCF
algorithm [5] to obtain the top-10 recommendations.

The following parameters are set to conduct the tests. For
sliding windows, we set window size (sw) in form of the
number of sessions at 200 and 400 latest sessions. For fading
factors, we set the weight values (alpha) of exponential time



Algorithm 3 ISSCF with fading factors

1: Input : D, Nk, «

2: Output : Top N recommended songs

3: Initialize session-music matrix Met with set of session

S={ss1, ..., 88100} by S € music datasets D

4. For each new active session as € D

5: Hidden last song (mp;q4.) of as as test data
6: Update matrix M et with as
7
8
9

Assigns weight (w) with factor «, session order (%) :
Calculate equation (7)

(Re)calculate similarity matrix with Met by using

cosine similarity

10: For each session ss, with as in Met :

11: For each song m; by j = MgsnM,s, :

12: Calculate equation (5)

13: Finding k similar session (S*)

14: Prediction score of song m;

15: For each song m; with active session as :

16: Calculate equation (6)

17: Recommend the top-N songs (/V,...) based on highest

prediction scores

Queried Active Session

m1|mz

|m1|mz m3|m4

Next song Prediction
Queried Active Session

mi || mz m3|m4|m1 ?

Next song Prediction

Fig. 8. Evaluation approach in the next song prediction

decay function as controlling how fast the weights decrease
at 0.1 and 0.01. The both ISSCF and SSCF approaches use
cosine similarity and 30 best neighbor sessions as suggested
in [6]. In addition, this work has tested the computational time
of ISSCF and SSCF approaches in finding similarity process
and prediction process at 10 runs and 200 of the consecutive
queried active sessions.

B. Evaluation Metric

In evaluation process, we measure the accuracy of our
framework and other methods using HitRatio (H RQn) [5].
H RQn indicates that whether the desired songs appear on the
top-n recommendation lists for a single user in the queried
active session, and how many times they appear [6]. H RQn
metric is described in formula (8).

#hit
A ®)

The average HRQ@n for one session in all users can be
calculated as shown in (9).

HRQn =

>N HRan

HitRatio =
1t Ratio N

®

Where, hit : if music is listened in the next song appear
on recommendation list, so Ait is 1 otherwise is O.

k : the number of hidden songs
N : the number of users

C. Results and Discussions

The result as depicted in Fig 9 shows the HitRatio of
ISSCF with sliding window at sw = 200 and sw = 400 and
compared with SSCF for each queried active session of all
users. From experimental results, ISSCF with sliding window
at sw = 200 got the average HitRatio at 0.085 and at
sw = 400 got the average HitRatio at 0.089. For SSCF
approach, the average HitRatio is 0.088. Fig 10 shows the
HitRatio ISSCF with fading factors in each queried active
session compared with SSCF. The average of HitRatio at
a =0.011is 0.11 and o = 0.1 is 0.1146. We have conducted
Wilcoxon Tests at p — value = 0.1 between ISSCF and SSCF
for 50 queried active sessions. We conclude that there was no
statistically significant difference between ISSCF with sliding
windows and SSCF. Although there was no difference between
ISSCF and SSCEF, but ISSCF can reduce the computational
time that will discuss next. Comparing between ISSCF with
fading factors and SSCF, there was a statistically significant. It
is clear that ISSCF with fading factors shows a good accuracy
than SSCF.

Fig. 11 shows the best result in each algorithms. ISSCF
with fading factors at a = 0.1 still gives the best average
HitRatio than ISSCF with sliding windows and SSCFE. We can
conclude that ISSCF with fading factor is capable to increase
significantly the accuracy of the recommendations.

0.12 X
—SSCF 2
-%-SW=400 .

-X-SW=200 /N X
0.1+ | . 7N /S 7

HitRatio
=
2
T
.

e

>

=3
T
>
|

. | . | . | . | .
00 150 200 250 300 350 400 450 500 550 600
#session

Fig. 9. The HitRatio of ISSCF with sliding windows compared with SSCF
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Fig. 10. The HitRatio of ISSCF with fading factors compare with SSCF

This work also evaluated the computational efficient of
ISSCF with SSCF. Since SSCF is the algorithm based CF,
so it uses the quadratic time, especially, for finding similarity
between whole sessions and songs in offline process and uses
more time for prediction process. Table I shows the execution
time used in those three algorithms at 200 sessions. Time was
measured on a PC with CPU speed at 3.20 GHz, 8 GB RAM,



0.14
0.12

0.1

= 0.08
0.06

0.04

Average HitRatio

0.02

SSCF ISSCF(sw=400)  ISSCF(cx=0.1)

Fig. 11. The average of HitRatio value of SSCF, ISSCF with sw = 400,
and ISSCF with o = 0.1 for all users in all sessions
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Fig. 12. The execution time of finding session similarity and active session
prediction processes of ISSCF

and all algorithms were implemented in Python. The traditional
SSCF approach uses O(m?n) to find similarity (Algorithm 1
lines 5-8 ) and if we know the session of active user, so time
of prediction is O(n) (Algorithm 1 lines 11-12).

For ISSCF approach, it has to find similarity sessions when
latest session of active user is updated. This process uses com-
putational time that is O(mn) (Algorithm 2 lines 11-13 and
Algorithm 3 lines 10-12), where m is the number of sessions
and n is the number of songs in that session. In process of
active session prediction, it uses O(n) (Algorithm 2 lines
16-17 and Algorithm 3 lines 15-16). That is appropriate for
recommendation systems and helps computational reduction.
According to Fig. 12 shows the growth of execution times of
finding session similarity process and active session prediction
process of ISSCF. The ISSCF with sliding windows presents
very efficiency over ISSCF with fading factors approach, hence
ISSCF with sliding windows uses the fixed size of windows
(sessions). On the other hand, ISSCF with fading factors
approach does not discard data. It will affect to computational
time that grows with number of sessions in linear time.

TABLE 1L EXECUTION TIME OF TWO APPROACHES
Approach Similarity Prediciton
Offline SSCF 10.16 sec. 0.02 sec.

ISSCF 0.09 sec. 0.02 sec.

V. CONCLUSION

Since Session-based Collaborative Filtering (SSCF) re-
quires expensive computations that grow polynomially because
of increasing in the number of users and songs, and SSCF
is not capable to process data in on-line manner in order

to maintain the system up-to-date. Therefore, this paper pro-
poses Incremental Session based Collaborative Filtering with
Forgetting Mechanism called ISSCFE. It is a new framework
that modified in tradition SSCF incorporated with forgetting
mechanism. Our approach is suitable for the music domain
by taking into account the users listen to songs continuously
and repetition in a session. Thus, our purpose is to improve
the accurately recommendation for the next songs in active
session and to overcome the scalability problem in on-line
manner. For supporting on-line process, we adapt incremental
algorithm to SSCF by using forgetting mechanisms — sliding
windows and fading factors — to deal with old and obsolete
data. In our experiments, we evaluate the accuracy of our
purposed algorithm compared with SSCF by using HitRatio
(HR@n) metric [5], [6], and also evaluate the time-consuming
of our model comparing with SSCF. The results are shown that
our purposed framework outperforms in terms of accuracy and
computational time.
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