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Introduction to Nonparametric Bayesian Models

Naonori Ueda Takeshi Yamada
*NTT Communication Science Laboratories

Abstract. This paper introduces nonparametric Bayesian models, in particular, Dirichlet
process mixture (DPM) models and the infinite relational model (IRM) as an extension of
DPM for multi-way data clustering. The nonparametric Bayesian modelling is a more flexible
approach than a standard parametric Bayesian modelling in that a nonparametric prior distribu-
tion over model parameters is incorporated into the data gereration process. More specifically,
DPM enables us to define distributions over the countably infinite sets by exploring their clus-
tering structures. In this paper, we explain the basic idea of DPM modelling and its learning
algorithms. We also illustrate practical usefulness of DPM modelling though experimental

results using IRM.
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O4 hippo, elephant, rhino

O5 grizzly bear, polar bear

F1 flippers, strain teeth, swims, arctic, coastal, ocean, water
F2 hooves, long neck, horns
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F6 walks, quadrapedal (four-legged), ground "=<= -6z /%
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