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(Generative mode|

P(parameters|data) oc P(data|parameters)P(parameters)

* Finite Gaussian mixture
model (K clusters)

p1.x ~ Dirichlet(a.x)
iid
i ~ N (o, Xo)

Zn g Categorical(p1.x)

inde
:I;n ™ g N(Mzn Y E)

P3



What if K> N7

* e.g. species sampling, topic modeling, groups on a
soclal network, etc.

P1 P2 P3 £1000

 Components: number of latent groups

e Clusters: number of components represented in the data
 [demo 1, demo 2]

 Number of clusters tor N data points is random

 Number of clusters grows with N
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Choosing K = o
* 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 = oo strictly positive frequencies that

sum to one”?
e Observation: p1.x ~ Dirichlet(a;.x)
K
& P1 < Beta(a1, Z ar — a1) 1L (p21’;'[’)fK) 4 Dirichlet(as, ..., ax)
k=1

e “Stick breaking”
Vi~ Beta(al, Ao + A3 + a4) P1 = V1
V5 ~ Beta(as, as + a4) po = (1 — V1)V

V3 ~ Beta(as,as) p3 = (1 — Vl)(:_ — VQ)Vg
h 3
pe=1-— Z,Ok
k=1
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Vi

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994: Ishwaran, James 2001]
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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 = oo strictly positive frequencies that
sum to one”

* Dirichlet process stick-breaking: a, = 1,by = a >0

o Griffiths-Engen-McCloskey (GEM) distribution:
p=(p1,p2;...) ~ GEM(a)

) k—1
Vi ue Beta(l,a) pp = H(1 — Vi) | Vi
j=1

[demo]

10 [McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994; Ishwaran, James 2001 ]
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 Beta = random distribution
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Dirichlet process mixture moael

* More generally

p=(p1,p2,...) ~ GEM(«) I | 1 1 .
e N (o, X0), k= 1,2, 2 3 4 -

2 Categorical(p)

py = [z,
. . did
¢ ie. u, ~G
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11d

| | I I
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e G = oud = DP( N ) e CC
P2

% e Categorical(p) 4_|J re »

,un Mz, 9%, RD

* |.e. ,u;; S G A
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p=(p1,p2,...) ~ GEM(a)
11d

] | I T

o ~ Gy k=1,2,... 2 3 4 -

e |e. G = Z:):l Pk5¢k i DP(CM, G()A) « I;:‘ggglsest
P2

2 Categorical(p) 4_|J N X

Ly = Uz, P2 ®

. e 1t NG A

e, "N N (7, D)




Dirichlet process mixture moael
+ More generally
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process
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2 Categorical(p) 1‘ 1.
e e 1t NG \
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Dirichlet process mixture moael
+ More generally
p=(p1,p2,-..) ~ GEM(«)

- k=12 ... ! ! :Is !1__'-'-"-
cic G:Z:;1 pk“gDP(aj-) = Dirichlet

process

P2
2 Categorical(p) 1‘ 1.

e |.e rd G A

z, " N (i, D)




Dirichlet process mixture mode!
-_
e G- P m) 4=

P2
2 X Categorical(p) 1‘ d . -

° |.e. .Zfzv G A




Dirichlet process mixture mode!
_

= (p1,p2,-) ~ GEM(a) L
- =12, T

Dirichlet

P2
2 X Categorical(p) 1‘ d .

. 12d
.e. O

NG A

[Antoniak 1974; Ferguson 1983; West, Muller, Escobar 1994; o
Escobar, West 1995; MacEachern, Mdller 1998] >
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Distributions A

 Beta = random distribution
over 1,2 I
r 1 2 "
* Dirichlet = random
distribution over 1,2,.... K I I | |
- y 1 2 3 4
« GEM / Dirichlet process
stick-breaking — random | |
istributi ] .
distribution over 1,2, ... —
* Dirichlet process — A 05
random distribution over &: |
P :. -gph P2, .. ) ~ GEM(O&) . ' » .
dr ~ G b2 ¢

o’e
2 G — Zkzl pk5¢k [Ferguson 1973]
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 Compare to
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S -
e Time series ! l




Calculating the posterior

P(parameters|data) oc P(data|parameters)P(parameters)

* Finite Gaussian mixture
model (K clusters)

p1.x ~ Dirichlet(a.x)
iid
i ~ N (o, Xo)

Zn g Categorical(p1.x)

inde
T Np/\/(,uzn, )

P3



