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PLSI: Probabilistic LS

)
L atent Semantic Indexing

or PLSA = Probabilistic Latent Semantic Analysis

[Hofmann 1999]
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LDA: Latent Dirichlet Allocation

[Blei et al. 2003]
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—— Nonparametric Bayes——

[Jordan 2005]
[Teh et al. 2004]



— Development test-set,
— AIC, BIC, MDL,...

— P(m=T | D)

G
- DP
Dirichlet Process




DP: Dlrlchlet Process 1/2
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