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Co-clustering Discrete Data
Based on the Dirichlet Process Mixture Model

SHUHEI KUWATA, ! TAKESHI YAMADAT2
and NAONORI UEDAT?

We propose a new co-clustering method based on the Dirichlet process mix-
ture model (DPM). Co-clustering is the problem of simultaneously clustering
rows and columns of a data matrix, such as purchase history data of users and
catalog items. The proposed method assumes that each user (or item) class has
a multinomial distribution over item (or user) classes to select, and a purchase
occurs when both selections of user and item classes match. The proposed
method can co-cluster users and items without knowing the true numbers of
clusters. The experimental results show that the proposed method can provide
better co-clustering results compared with Infinite Relational Model (IRM), an-
other previously proposed co-clustering method based on the DPM, especially
for data matrices that contain missing data.
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Table 1 The learning algorithm using Gibbs sampler.
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Table 2 The parameter values for generating the synthetic data (pattern I).
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Table 3 The parameter values for generating the synthetic data (pattern II).
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Table 4 The clustering performances of the proposed method and IRM (pattern I).

() 00D0DDOO0O0OO0OO0 ARIOOOOOODODOOODMM()00O0DDDODODOODO0OOOOOOO =3

N = M = 200 N = M = 400 N = M = 600 N = M = 800

ooooo ooo IRM ooo 0oo IRM 0oo IRM
80% 1.00 (3.0) | 0.99 (3.2) | 0.97 (3.4) | 0.96 (3.6) | 0.90 (4.1) | 0.93 (3.8) | 0.93 (3.9) | 0.93 (3.9)
85% 1.00 (3.0) | 0.98 (3.4) | 0.98 (3.4) | 0.95(3.7) | 0.95 (3.7) | 0.91 (4.4) | 0.92 (4.2) | 0.90 (4.4)
90% 0.98 (3.0) | 0.98 (3.3) | 0.95 (3.6) | 0.91 (4.3) | 0.87 (4.6) | 0.89 (4.8) | 0.84 (5.3) | 0.82 (5.4)
95% 0.22 (3.1) | 0.29 (3.3) | 0.93 (3.8) | 0.86 (4.6) | 0.90 (4.8) | 0.81 (6.2) | 0.83 (6.1) | 0.79 (6.6)
99% 0.01 (5.8) | 0.01 (4.0) | 0.00 (6.9) | 0.00 (7.4) | 0.01 (9.7) | 0.01 (9.3) | 0.02 (11) | 0.02 (12)

—~

b) 00000000000 ARIDOOOODDOOOMO(

)OOOOOoOoooooooooooooo =3

N = M = 200 N = M = 400 N = M = 600 N = M = 800

ooooo ooo IRM ooo 0oo IRM 0oo IRM
80% 1.00 (3.1) | 0.99 (3.3) | 0.97 (3.5) | 0.93 (3.9) | 0.95 (3.6) | 0.89 (4.4) | 0.93 (4.0) | 0.95 (3.8)
85% 0.99 (3.0) | 0.96 (3.5) | 0.96 (3.5) | 0.94 (3.6) | 0.96 (3.8) | 0.90 (4.6) | 0.90 (4.7) | 0.86 (4.9)
90% 0.98 (3.2) | 0.97 (3.3) | 0.94 (3.8) | 0.92 (4.4) | 0.89 (4.4) | 0.86 (5.0) | 0.83 (5.4) | 0.82 (5.5)
95% 0.20 (3.3) | 0.33 (3.4) | 0.91 (4.0) | 0.83 (4.9) | 0.89 (4.7) | 0.82 (6.2) | 0.81 (6.0) | 0.78 (6.9)
99% 0.01 (6.0) | 0.00 (4.1) | 0.01 (7.2) | 0.00 (6.8) | 0.01 (9.2) | 0.01 (9.0) | 0.01 (11) | 0.02 (11)
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Fig.1 The co-clustering result by the proposed method.
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Table 5 The clustering performances of the proposed method and IRM (pattern II).

() 00D0DDOO0OO0OO0 ARIOOOOOODODOOMM()00O0DDODODODOOO0OOOOOOO =40

N = M = 200 N = M = 400 N = M = 600 N = M = 800
ooooo ooo IRM ooo IRM 000 IRM 0oo IRM
80% 0.99 (4.0) | 1.00 (4.0) | 0.99 (4.2) | 0.99 (4.2) | 0.98 (4.2) | 0.97 (4.3) | 0.98 (4.5) | 0.97 (4.5)
85% 0.99 (4.0) | 0.99 (4.1) | 0.98 (4.2) | 0.98 (4.4) | 0.97 (4.5) | 0.97 (4.4) | 0.95 (5.0) | 0.97 (4.5)
90% 0.94 (4.2) | 0.98 (4.2) | 0.98 (4.5) | 0.97 (4.5) | 0.97 (4.6) | 0.95 (5.0) | 0.94 (5.0) | 0.96 (4.9)
95% 0.46 (4.8) | 0.68 (4.6) | 0.92 (4.6) | 0.91 (5.2) | 0.91 (5.7) | 0.92 (5.1) | 0.89 (6.1) | 0.88 (5.8)
99% 0.02 (5.5) | 0.04 (3.8) | 0.08 (7.8) | 0.16 (7.6) | 0.17 (11) | 0.22 (11) | 0.26 (11) | 0.36 (12)
(b) 00DDO00DO000 ARIODDO00D00D00M () 0000000000000000000 = 5
N = M = 200 N = M = 400 N = M = 600 N = M = 800
ooooo ooo IRM ooo IRM 0oo IRM 0oo IRM
80% 0.97 (5.0) | 0.99 (5.1) | 0.99 (5.3) | 0.98 (5.3) | 0.99 (5.4) | 0.99 (5.3) | 1.00 (5.5) | 0.99 (5.4)
85% 0.94 (5.0) | 0.98 (5.1) | 0.99 (5.2) | 0.99 (5.2) | 0.99 (5.4) | 0.98 (5.4) | 0.95 (6.2) | 0.99 (5.3)
90% 0.85 (5.1) | 0.94 (5.2) | 0.97 (5.4) | 0.99 (5.3) | 0.96 (5.9) | 0.97 (5.8) | 0.94 (6.4) | 0.97 (5.8)
95% 0.40 (5.1) | 0.59 (5.2) | 0.86 (5.4) | 0.88 (6.1) | 0.90 (7.0) | 0.93 (6.5) | 0.93 (6.8) | 0.92 (6.7)
99% 0.02 (5.6) | 0.03 (4.2) | 0.07 (7.8) | 0.12 (7.6) | 0.17 (11) | 0.19 (11) | 0.24 (11) | 0.31 (12)

02 00oO0oO0ooOOoooOoooboobooooobo
Fig.2 The co-clustering result by the Infinite Relational Model.
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Table 6 The examples of movie titles in the item class obtained by the proposed method.

ooooO0ooo 1000 6900000 | O0OOODOO 1100 6200000 | OOODOOOO 2500 3300000

Pinocchio(1940)
Pocahontas(1995)
Home Alone(1990)

The Jungle Book(1994)
Swiss Family Robinson(1960)

Back to the Future(1985)
Platoon(1986)
Stand by Me(1986)
The Lion King(1994)
Beauty and the Beast(1991)

Alien(1979)
Jaws(1975)
Aliens(1986)
Psycho(1960)
Pulp Fiction(1994)
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Fig.3 The recall of each method for top-L item classes.
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