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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}
23
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We’ve seen: Dirichlet process, Chinese restaurant process 
• Infinity of parameters (components) 
• Growing number of parameters (clusters)
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• DPMM; goal is a posterior over: 
• Cluster parameters (center, shape) 
• Assignments of data points to clusters 

• Two principal posterior approximation methods 
• Markov Chain Monte Carlo 
• Variational Bayes

• Gibbs sampling review: target distribution 
• Start:  
• t th step: 

• Gibbs with the CRP: use exchangeability 
• Treat every data point like the final customer

p(v1, v2, v3)

v(0)1 , v(0)2 , v(0)3

v(t)1 ⇠ p(v1|v(t�1)
2 , v(t�1)

3 )

v(t)2 ⇠ p(v2|v(t)1 , v(t�1)
3 )

v(t)3 ⇠ p(v3|v(t)1 , v(t)2 )
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• 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? 

• Review Gibbs sampling, slice sampling [Neal 2003], 
variational Bayes [Bishop 2006] 

• Read [Neal 2000] and code a DPMM Gibbs sampler 
• Read [Walker 2007; Kalli, Griffin, Walker 2011] and code a 

DPMM slice sampler 
• Read [Blei, Jordan 2006] and code variational inference for 

the DPMM

• Code a DPMM simulator using a: 
(1) CRP, (2) DP
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De Finetti mixing measures

[Kingman 1978, Broderick, Pitman, Jordan 2013, Aldous 1983, Orbanz, Roy 2015]

• Clustering: Kingman paintbox

• Feature allocation: Feature paintbox

• Graphs/networks: Aldous-Hoover theorem

[Lloyd 
2012]
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• Bayesian statistics that is not parametric 
• Bayesian 

!

• Not parametric (i.e. not finite parameter, unbounded/
growing/infinite number of parameters)

Nonparametric Bayes

P(parameters|data) / P(data|parameters)P(parameters)
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