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• Clusters: number of components represented in the data 

• Number of clusters for N data points is < K and random 

• Number of clusters grows with N
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• 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? 
• Observation: ⇢1:K ⇠ Dirichlet(a1:K)
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ak = 1, bk = ↵ > 0

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; van der Vaart, Ghosal 2017]10
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• 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 next session!
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Exercises
• Prove the beta (Dirichlet) is conjugate to the categorical 

• What is the posterior after N data points? 
• How does the number of clusters change as N changes 

for the Dirichlet model with K=1000?

1 2 3 4 …
…

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

• How does the number of clusters change as the Dirichlet 
hyperparameter changes for K=1000 and N fixed? 

• Suppose                                     ; prove equivalence to 
!

⇢1:K ⇠ Dirichlet(a1:K)

) ⇢1
d
= Beta(a1,

KX

k=1

ak � a1)?? (⇢2,...,⇢K)
1�⇢1

d
= Dirichlet(a2, . . . , aK)
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