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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 2010]

[Fox et al 2014]

[Saria 
et al 

2010]

[Ewens 
1972; 
Hartl, 
Clark 
2003; 
Harris et 
al 2015]

• 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]



Roadmap
• Example problem: clustering 
• Example NPBayes model: Dirichlet process 
• Chinese restaurant process 
• Inference 
• Venture further into the wild world of Nonparametric Bayes 

• Big questions 
• Why NPBayes? 
• What does an infinite/growing number of parameters really 

mean (in NPBayes)? 
• Why is NPBayes challenging but practical?

[slides, code:  
www.tamarabroderick.com/tutorials.html]
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• Example problem: clustering 
• Example NPBayes model: Dirichlet process 
• Chinese restaurant process 
• Inference 
• Venture further into the wild world of Nonparametric Bayes 

• Big questions 
• Why NPBayes? Learn more as acquire more data 
• What does an infinite/growing number of parameters really 

mean (in NPBayes)? Components vs. clusters; latent vs. 
realized 

• Why is NPBayes challenging but practical? Infinite 
dimensional parameter; more on this today!
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Choosing K = ∞
• Here, difficult to choose finite K in advance (contrast with 

small K): don’t know K, difficult to infer, streaming data 
• How to generate K = ∞ strictly positive frequencies that 

sum to one? 
• Dirichlet process stick-breaking:  
• Griffiths-Engen-McCloskey (GEM) distribution:

ak = 1, bk = ↵ > 0
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• Beta → random distribution 
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Roadmap
• Example problem: clustering 
• Example NPBayes model: Dirichlet process 
• Chinese restaurant process 
• Inference 
• Venture further into the wild world of Nonparametric Bayes 

• Big questions 
• Why NPBayes? Learn more as acquire more data 
• What does an infinite/growing number of parameters really 

mean (in NPBayes)? Components vs. clusters; latent vs. 
realized 

• Why is NPBayes challenging but practical? Infinite 
dimensional parameter; more on this today!
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• Else, replace and add ball of same color

Step 0 Step 1 Step 2 Step 3 Step 4

(#orange,#other) = PolyaUrn(1,↵)
(#green,#other) = PolyaUrn(1,↵)

(#red,#other) = PolyaUrn(1,↵)
• not orange:
• not orange, green:

Vk
iid⇠ Beta(1,↵)

⇢1 = V1
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Marginal cluster assignments
• Hoppe urn / Blackwell-MacQueen urn

• Choose ball with prob proportional to its mass 
• If black, replace and add ball of new color 
• Else, replace and add ball of same color

Step 0 Step 1 Step 2 Step 3 Step 4

(#orange,#other) = PolyaUrn(1,↵)
(#green,#other) = PolyaUrn(1,↵)

(#red,#other) = PolyaUrn(1,↵)
• not orange:
• not orange, green:

Vk
iid⇠ Beta(1,↵)

⇢1 = V1

⇢2 = (1� V1)V2
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Marginal cluster assignments
• Hoppe urn / Blackwell-MacQueen urn

• Choose ball with prob proportional to its mass 
• If black, replace and add ball of new color 
• Else, replace and add ball of same color

Step 0 Step 1 Step 2 Step 3 Step 4

(#orange,#other) = PolyaUrn(1,↵)
(#green,#other) = PolyaUrn(1,↵)

(#red,#other) = PolyaUrn(1,↵)
• not orange:
• not orange, green:

Vk
iid⇠ Beta(1,↵)

⇢1 = V1

⇢2 = (1� V1)V2

⇢3 = [
Y2

k=1
(1� Vk)]V3
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Exercises
• Review Gibbs sampling. 
• Derive the Dirichlet-Categorical marginal. 
• What are the advantages and disadvantages 

of the DP and urn representations? 
• Can you find a formula for the expected # 

clusters from a Hoppe-urn(α) after N data 
points? What happens as        

• Code a Hoppe/Blackwell-MacQueen urn 
simulator. Examine the empirical distribution of 
the # clusters after N customers. 

• Code a GEM & Categorical simulator. 
Compare your two simulators.
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N ! 1

[slides, code:  
www.tamarabroderick.com/tutorials.html]



References
A full reference list is provided at the end of the “Part 3” slides.
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