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Outline

* Dirichlet process
e Background for intuition
e (Generative model

 What does a growing/infinite number of parameters
really mean (in Nonparametric Bayes)?

e Chinese restaurant process

e |Inference

e Venture turther into the wild world of Nonparametric
Bayesian statistics
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(,01 P2, .. ) ~ GEM(CY)

¢ ie. G= Zk 1ka. DP (o

2 X Categorical(p)

.e. .

ZgG A

[Antoniak 1974; Ferguson 1983; West, Muller, Escobar 1994; o
Escobar, West 1995; MacEachern, Mdller 1998] >
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 Forms new table with prob proportional to a
* Marginal for the Categorical likelihood with GEM prior

So far:
e |Nnfinii

Dirichlet process, Chinese restaurant process

'y Of parameters, growing number of parameters
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Exercises
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Review Gibbs sampling

What are the advantages and disadvantages of the DP
and CRP representations?

What is the expected number of clusters generated by a
CRP(a) after N data points?

What do you think about the answer to the previous
question when it comes to real-life data modeling?

Code a CRP sampler. Examine the empirical distribution of
the number of clusters after N customers.
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