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Collaborative filtering using
mixed membership stochastic block models

TATSUKI YOKOMINET! and KoJ1 EqucHr?

Recently, considerable attentions have been paid to collaborative filtering
techniques, which can automatically recommend useful information according
to a user’s preference from vast amounts of information. More recently, vari-
ous studies have been conducted on Bayesian modeling approach for network
analysis. In this paper, we apply the state-of-the-art Bayesian node clustering
approach, mixed membership stochastic block models (MMSB), to the collab-
orative filtering task and demonstrate its effectiveness. Moreover, we explicitly
add inter-item links to the network consisting of user-item links and investigate
the performance of MMSB for such a situation.
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2.3 Stochastic Block Models
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Fig.1 A graphical model of LDA
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Fig.3 A graphical model of MMSB
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Fig.6 Top-N precision and the number of groups
when (11, 92) = (6.0,1.0)
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