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Nonparametric Bayes
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Example problem: clustering

Example NPBayes model: Dirichlet process

Chinese restaurant process

Inference

Venture further into the wild world of Nonparametric Bayes

Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?
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Distributions A
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e Each customer walks into the restaurant

e Sits at existing table with prob proportional to # people
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 Forms new table with prob proportional to a
* Marginal for the Categorical likelihood with GEM prior
1 =29 =27 =28 =1,23=25 =2¢6=2,24 =3
= Il = {{1,2,7,8},{3,5,6},{4}}
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of [8] :={1,...,8}
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Nonparametric Bayes

 Bayesian methods that are not parametric
 Bayesian
P(parameters|data) oc P(data|parameters)P(parameters)

* Not parametric (i.e. not finite parameter, unbounded/ P
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* [nference
* Venture further into the wild world of Nonparametric Bayes

e Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?
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