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Collapsed Variational Bayes Inference
for Dirichlet Process Unigram Mixture Model

IsSEI SATOt and HIROSHI NAKAGAWATt

Unigram Mixture is a probabilistic generative model that is widely used in unsupervised
clustering of documents. Unigram Mixture is a mixture model and have a problem of how
to determine the number of clusters. Recently, a nonparametric Bayes model using Dirich-
let Process has gotten a lot of attention in this problem. Models using Dirichlet Process
can determine the number of cluster corresponding to data. In this paper, we expand Uni-
gram Mixture by Dirichlet Process and present a scheme that learns the model by Collapsed

Variational Bayes inference.
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