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Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]
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iid⇠ Beta(1,↵) ⇢k =
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• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

Vk
iid⇠ Beta(1,↵) ⇢k =

2

4
k�1Y

j=1

(1� Vj)

3

5Vk

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

Vk
iid⇠ Beta(1,↵) ⇢k =

2

4
k�1Y

j=1

(1� Vj)

3

5Vk

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

Vk
iid⇠ Beta(1,↵) ⇢k =

2

4
k�1Y

j=1

(1� Vj)

3

5Vk

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

Vk
iid⇠ Beta(1,↵) ⇢k =

2

4
k�1Y

j=1

(1� Vj)

3

5Vk

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2

Vk
iid⇠ Beta(1,↵)



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2

Vk
iid⇠ Beta(1,↵) ⇢k =

2

4
k�1Y

j=1

(1� Vj)

3

5Vk



Recall: Part I
• Dirichlet process (DP) stick-breaking  
• Griffiths-Engen-McCloskey (GEM) distribution:

…

⇢ = (⇢1, ⇢2, . . .) ⇠ GEM(↵)

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001]

1 2 3 4 …
…

• Part of: DP mixture model

2

Vk
iid⇠ Beta(1,↵) ⇢k =

2

4
k�1Y

j=1

(1� Vj)

3

5Vk

[demo]



Distributions
• Beta → random distribution 

over 

• Dirichlet → random 
distribution over 

• GEM / Dirichlet stick-
breaking → random 
distribution over 

• Dirichlet process → 
random distribution over    :
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Dirichlet process mixture model

G =
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Dirichlet process mixture model
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Chinese restaurant process

• Same thing we just did 
• Each customer walks into the restaurant 

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

• Forms new table with prob proportional to α 
• Marginal for the Categorical likelihood with GEM prior 
!

• Partition of [8]: set of mutually exclusive & exhaustive sets 
of 

z1 = z2 = z7 = z8 = 1, z3 = z5 = z6 = 2, z4 = 3
) ⇧8 = {{1, 2, 7, 8}, {3, 5, 6}, {4}}

[8] = {1, . . . , 8}
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• If I run the Chinese restaurant process (CRP) for N 
customers, what is the probability of the customers sitting 
at KN tables where the kth table to form has nk (nk  > 0) 
people at it? 

• What is the expected number of clusters generated by a 
CRP(α) after N data points?  

• What is the distribution of the number of clusters under a 
CRP(α) after N data points? (consider simulations and/or 
theory)
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