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Roadmap
• Example problem: clustering 
• Example NPBayes model: Dirichlet process 

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

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

2



Clustering

3



Clustering

3



Clustering

3



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

3



4

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

Generative model



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

• Finite Gaussian mixture 
model (K clusters)

4



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

• Finite Gaussian mixture 
model (K clusters)

µk
iid⇠ N (µ0,⌃0)

4



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

• Finite Gaussian mixture 
model (K clusters)

µk
iid⇠ N (µ0,⌃0)

zn
iid⇠ Categorical(⇢1:K)

4



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

• Finite Gaussian mixture 
model (K clusters)

µk
iid⇠ N (µ0,⌃0)

zn
iid⇠ Categorical(⇢1:K)

xn
indep⇠ N (µzn ,⌃)

4



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

• Finite Gaussian mixture 
model (K clusters)

µk
iid⇠ N (µ0,⌃0)

zn
iid⇠ Categorical(⇢1:K)

xn
indep⇠ N (µzn ,⌃)

4



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

• Finite Gaussian mixture 
model (K clusters)

µk
iid⇠ N (µ0,⌃0)

zn
iid⇠ Categorical(⇢1:K)

xn
indep⇠ N (µzn ,⌃)

⇢1 ⇢2 ⇢3

⇢1:K ⇠ Dirichlet(a1:K)

4



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

• Finite Gaussian mixture 
model (K clusters)

µk
iid⇠ N (µ0,⌃0)

zn
iid⇠ Categorical(⇢1:K)

xn
indep⇠ N (µzn ,⌃)

⇢1 ⇢2 ⇢3

⇢1:K ⇠ Dirichlet(a1:K)

4



Dirichlet distribution review
Dirichlet(⇢1:K |a1:K) =

�(
PK

k=1 ak)QK
k=1 �(ak)

KY

k=1

⇢ak�1
k ak > 0

a = ak ! 0 a = ak ! 1a = ak = 1

5



Dirichlet distribution review
Dirichlet(⇢1:K |a1:K) =

�(
PK

k=1 ak)QK
k=1 �(ak)

KY

k=1

⇢ak�1
k ak > 0

a = ak ! 0 a = ak ! 1a = ak = 1

⇢k 2 (0, 1)
X

k

⇢k = 1

5



Dirichlet distribution review
Dirichlet(⇢1:K |a1:K) =

�(
PK

k=1 ak)QK
k=1 �(ak)

KY

k=1

⇢ak�1
k ak > 0

a = (0.5,0.5,0.5) a = (5,5,5) a = (40,10,10)

ρ1

de
ns

ity

ρ2

⇢k 2 (0, 1)
X

k

⇢k = 1

5



Dirichlet distribution review

• What happens?
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So far K << N. What if not?
• e.g. species sampling, topic modeling, groups on a 

social network, etc.
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