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Outline
• Dirichlet process 
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• Generative model 
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really mean (in Nonparametric Bayes)? 
• Chinese restaurant process 
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• Venture further into the wild world of Nonparametric 
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Distributions
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Chinese restaurant process

• Same thing we just did 
• Each customer walks into the restaurant 

• Sits at existing table with prob proportional to # people 
there 

• Forms new table with prob proportional to α 
• Marginal for the Categorical likelihood with GEM prior 
!

• Partition of [8]: set of mutually exclusive & exhaustive sets 
of 

z1 = z2 = z7 = z8 = 1, z3 = z5 = z6 = 2, z4 = 3
) ⇧8 = {{1, 2, 7, 8}, {3, 5, 6}, {4}}

[8] = {1, . . . , 8}
13
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So far: Dirichlet process, Chinese restaurant process 
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Exercises
1 3

2 45

67

8

�1 �2 �3

• 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(α) 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.
14
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