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Chinese restaurant process

• Same thing we just did 
• Each customer walks into the restaurant 
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• Forms new table with prob proportional to α 
• Marginal for the Categorical likelihood with GEM prior 
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z1 = z2 = z7 = z8 = 1, z3 = z5 = z6 = 2, z4 = 3
) ⇧8 = {{1, 2, 7, 8}, {3, 5, 6}, {4}}

[8] = {1, . . . , 8}
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• Why is NPBayes challenging but practical?
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• Prob doesn’t depend on customer order: exchangeable 
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• Probability of N customers (       tables, #C at table C): 

!

• So:  
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• Gibbs sampling review: target distribution 
• Start:  
• t th step: 
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3 )
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Nonparametric Bayes

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

[wikipedia.org]

[Ed Bowlby, NOAA]

[Lloyd et al 
2012; Miller 
et al 2009]

[Fox et al 2014]

[Saria 
et al 

2010]

[Ewens 
1972; 
Hartl, 
Clark 
2003; 
Harris et 
al 2017]

• Bayesian methods that are not parametric 
• Bayesian 

!

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

[Prabhakaran, 
Azizi, Carr, 
Pe’er 2016]

[Xu et al 2015] 
 [Cassidy et al 2015]

[Del Pozzo 
et al 2017, 

2018] 

[ESO/ 
L. Calçada/ 
M. 
Kornmesser 
2017]

[Lan et al 2015]

[MIT xPRO]
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