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Generative model
P(parameters|data) / P(data|parameters)P(parameters)

• Finite Gaussian mixture 
model (K clusters)

xn
indep⇠ N (µzn ,⌃)

µk
iid⇠ N (µ0,⌃0)

⇢1 ⇢2

zn
iid⇠ Categorical(⇢1:K)

⇢1:K ⇠ Dirichlet(a1:K)

⇢3
6



• e.g. species sampling, topic modeling, groups on a 
social network, etc.

⇢1 ⇢2 ⇢3

…

⇢1000

• Components: number of latent groups 

• Clusters: number of components represented in the data 

• [demo 1, demo 2] 

• Number of clusters for N data points is random 

• Number of clusters grows with N

What if K > 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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Distributions
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Dirichlet process mixture model
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[Antoniak 1974; Ferguson 1983; West, Müller, Escobar 1994; 
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Calculating the posterior
P(parameters|data) / P(data|parameters)P(parameters)

• Finite Gaussian mixture 
model (K clusters)

xn
indep⇠ N (µzn ,⌃)

µk
iid⇠ N (µ0,⌃0)

⇢1 ⇢2

zn
iid⇠ Categorical(⇢1:K)

⇢1:K ⇠ Dirichlet(a1:K)

⇢3


