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* Understand what it means to have a growing/infinite
number of parameters

* Dirichlet process
* Dirichlet process mixture model
* A finite representation of an infinite process
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* Dirichlet process (DP) stick-breaking

o Griffiths-Engen-McCloskey (GEM) distribution:
P = (/017/027 . ) ™~ GEM(Q)

k—1
Vi s Beta(1, o) Pk = H(l — Vi) | Vi
j=1

[demo]

o> [McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001 ]
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e Beta =@ random distribution
over 1,2 I
N g
 Dirichlet =@ random
distribution over 1,2,..., K I I | |
- | y 1 2 3 4
e GEM / Dirichlet stick-
breaking — random | |
istributi | 1 -,
distribution over 1,2, ... —
* Dirichlet process — A 05
random distribution over &: |
P :. .gpla P2y - - ) ~ GEM(Q) 0 ' n >
or ~ Go P2 ¢

00
3 G — Zk:l pk5¢k [Ferguson 1973]
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_

(,01 P2, .. ) ~ GEM(CY)

¢ ie. G= Zk 1ka. DP (o

2 X Categorical(p)

.e. .

ZgG A

[Antoniak 1974; Ferguson 1983; West, Muller, Escobar 1994; o
Escobar, West 1995; MacEachern, Mdller 1998] >
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S -
e Time series ! l
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Exercises
/ O 3

1

2 4

5

3

e |f | run the Chinese restaurant process (CRP) for N
customers, what is the probability of the customers sitting
at Ky tables where the kth table to form has nk (ng > 0)
people at it?

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

e \What is the distribution of the number of clusters under a
CRP(a) after N data points”? (consider simulations and/or

theory)
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