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Chinese restaurant process
1 3

2 45

67

8

�1 �2 �3

!

• 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}
15
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• Probability of this seating: 
!
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KN nk

p(v1, v2, v3)
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• Probability of this seating: 
!

• Probability of N customers (       tables,     at table k): 

!

• Prob doesn’t depend on customer order: exchangeable 
• Gibbs sampling review: target distribution 

• Start:  
• t th step: 

KN nk

p(v1, v2, v3)
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• Probability of N customers (       tables, #C at table C): 

!

• So:  

!

• Gibbs sampling review: target distribution 
• Start:  
• t th step: 

KN

p(v1, v2, v3)

v(0)1 , v(0)2 , v(0)3

v(t)1 ⇠ p(v1|v(t�1)
2 , v(t�1)

3 )

v(t)2 ⇠ p(v2|v(t)1 , v(t�1)
3 )

v(t)3 ⇠ p(v3|v(t)1 , v(t)2 )

17

p(⇧N |⇧N,�n) =

⇢ #C
↵+N�1

↵
↵+N�1

if n joins cluster C
if n starts a new cluster

↵KN
Q

C2⇧N
(#C � 1)!

↵ · · · (↵+N � 1)
= P(⇧N = ⇡N )
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• Concurrent & independent graphs work by Crane & Dempsey
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