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Introducting Constraint Knowledge based on Dirichlet Forest Distribution
to Chinese Restaurant Process
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We have recently had many chances to treat a huge amount of documents. A lot of studies about extracting
latent topics in documents have been done, which is accomplished by Latent Dirichlet Allocation(LDA). That is
not done by using superficial information. When we extract topics by LDA| it sometimes happens that the words

we assume that they should be in the same topic are devided into different topics.

Therefore Andrzejewski and

Hu have proposed methods in that we select some words which should be in the same topic and incorporate the
words into LDA process as constrained knowledge. But the knowledge is constructed from subjective view of users
in many cases and is not constructed from target documents automatically. We therefore construct constrained
knowledge from documents and then consider how the constrained knowledge is applied to Chinese Restaurant

Process.
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