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So far:
e |Nnfinii

Dirichlet process, Chinese restaurant process

'y Of parameters, growing number of parameters
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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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