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Recall: Part II

• Chinese restaurant process 
• Each customer walks into the restaurant 

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

• Forms new table with prob proportional to α 
• “Partition” 
• Partition from a GEM(α) with categorical draws = same 

distribution as partition from a CRP(α)

2
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Chinese restaurant process

• Probability of N customers (       tables, #C at table C): 

!

• Prob doesn’t depend on customer order: exchangeable 
!

• Can always pretend n is the last customer and calculate

KN

3

P(⇧8 = {{1, 2, 7, 8}, {3, 5, 6}, {4}}) = P(⇧8 = {{2, 3, 8, 1}, {4, 6, 7}, {5}})

p(⇧N |⇧N,-n)

⇧8,-5 = {{1, 2, 7, 8}, {3, 6}, {4}}

↵KN
Q

C2⇧N
(#C � 1)!

↵ · · · (↵+N � 1)
= P(⇧N = ⇡N )

• e.g.
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• Probability of N customers (       tables, #C at table C): 

!

• So:  

!

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

KN

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 )

4

p(⇧N |⇧N,�n) =

⇢ #C
↵+N�1

↵
↵+N�1

if n joins cluster C
if n starts a new cluster
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• Data • Generative modelx1:N
µ1 µ2 µ3
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• Data • Generative modelx1:N
µ1 µ2 µ3

• Want: posterior
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⇧N ⇠ CRP(N,↵)
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• Data • Generative modelx1:N
µ1 µ2 µ3

• Want: posterior
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• Data • Generative modelx1:N
µ1 µ2 µ3

• Want: posterior
• Gibbs sampler:

5

⇧N ⇠ CRP(N,↵)

8C 2 ⇧N , µC
iid⇠ N (µ0,⌃0)

8C 2 ⇧N , 8n 2 C, xn
indep⇠ N (µC ,⌃)

p(⇧N |x1:N )

• For completeness: p(xC[{n}|xC) = N (m̃, ⌃̃+ ⌃)
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Power laws
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occupied by N data 
points 
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Herdan’s law, etc 
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!

!

• Zipf’s law

KN ⇠ ↵ logN w.p. 1

KN ⇠ ↵N� w.p. 1

, ⇢#j ⇠ C(�)j��, j ! 1, w.p. 1

[Gnedin, et al 2007, Pitman, Yor 1997, Goldwater et al 2005, Teh 2006, Broderick et al 2012]13
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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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Poisson point processes

[Kingman 1992, Broderick et al 2014, James 2014]

• Beta process, Bernoulli process (Indian buffet) 

• Gamma process, Poisson likelihood process (DP, CRP) 

• Beta process, negative binomial process
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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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• Bayesian 

!

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

Nonparametric Bayes

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

[wikipedia.org]

[Ed Bowlby, NOAA]

[Sudderth, 
Jordan 2009]

[Lloyd et al 
2012; Miller 
et al, 2010]

[Arjas, 
Gasbarra 
1994]

[Fox, et al 2014]

[Escobar, 
West 1995; 
Ghosal, 
et al 1999]

[Saria 
et al 

2010]

[Ewens, 
1972; 
Hartl, 
Clark 
2003]
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