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Abstract

Preferences of users on movies are observables of various factors that are related with user attributes and movie features.
For movie recommendation, analysis methods for relation among users, movies, and preference patterns are mandatory. As a
relational analysis tool, we focus on the Infinite Relational Model (IRM) which was introduced as a tool for multiple concept
search. We show that IRM-based co-clustering on preference patterns and movie descriptors can be used as the first tool
for movie recommender methods, especially content-based filtering approaches. By introducing a set of well-defined tag sets
for movies and doing three-way co-clustering on a movie-rating matrix and a movie-tag matrix, we discovered various ex-—
plainable relations among users and movies. We suggest various usages of IRM-based co-clustering, espcially, for in—
cremental and dynamic recommender systems.

Key Words @ Recommender systems, Group preferences, Relational Analysis, Movie Recommendation, Infinite
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Fig. 1. By relational analysis on preference data, either
explicit or implicit, and additional movie tag data, we
can discover various conceptual connections among
user/movie/tag groups and utilize this information for
movie recommendation.
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E 1. MovieLens 100k % =} | EHH[O|E{ 2A] XL SHA 9 i ]
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Table 1. IRM-based co-clustering results on
MovieLens 100k set and movie tag set based on
Entertainment Genome by jinni.com (score=-206457.754)
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BlO #Ee 37| 2= for users, movies, and movie tags (EG) after
Fig. 4. Distributions of the cluster sizes on users, co—clustering by IRM with MovieLens 100k and
movies, and movie tags, extracted from the learned Entertainment Genome tag data as input
model in table 1
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ov EG ZexE 39 g2 7xE du Aol L ool T N oo e
el B8 A9 F7hz A g% W FE ARFE aesopr Ak S ol
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A gj=w 7] 23] 49 IRMS 53] ¥
(generic) A2 A& FET = 9tk TS A AL
|2 IS & 7Y T ©9l(subtyping set) ZA]
Agstar, HEAA Few sige) ] 7}
8t(mapping function)& dhFshs Aolth o= HHA
e Juo AarE FE57] 98 VA g4 FE0
AHorE B 4 gt}

st woh aestE AR #A A Sy 7HoRA
IRM 71H& Agrs Axe] $& A 53 whsjrh
[20]91M & b IH 89l ke #3 W 3 2 +H T
Z @9l 2EZA 75 oA IRMe 3w mdo]
Z2AHA 211014 IRMoA ¢ o] AMA|, EA4%, <
I AAS 72 ARE G dA e
Zo] =] (predicate logic)S =3 thgst
Hog AHg 7hed mds e £ gl 2t
[22] M= 7] 58 RdS V|22 Q2 B
MNAE Adshe 7IHES AR AAd A gelstadrh
olgfgt HEHE FHoA FE=ERE(cold-start) A
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2 off X

6. 28

2 E=ioAe BESFA wolxet
Relational Model (IRM)S ©]&3F s 93} F3
okl A&ste], ARgARe] o shel uigk A

slal, o] FHol 83l Weks tFELh FAAHA o
AZA ggtol] digl] BAH R AsEE FFe HH o
B EE= WA Aok dolHE 23ro R dhal, g3t
g2 Fee] wEldo]E 4] Entertainment Genome (EG)
S Ejiete], Jgk s aRle] wigh A 9 AR 1F

|

o] 545 wg Aas Al

IRM 7% g3k 53] Hal 334 A2~ dte] 8
A=A AR A v Ew R ARgAre] Adae
5 oS ZACA, A Bdd BE ARE dEeto] A
o ¢ gl e Rs FEAVIL. F5 dyels
Q3te] Bl AR ool = ARgARe] vt ke HloJE
& F7hE @8eta, o A e wHo A= Qe o
Aah LA TS Faal dhn
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