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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?
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A * Finite Gaussian mixture
model (K clusters)

11d
Wk ~ N(,U(), ZO)
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P(parameters|data) oc P(data|parameters)P(parameters)

* Finite Gaussian mixture
model (K clusters)

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

2 Categorical(p1.x )

inde
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F(Z?:l ak) a pak—l

K k
Hk::l ['(ak) k—1

Dirichlet(p1.x|a1.x) =



Dirichlet distribution revievv

K
Dirichlet(p1.x|a1.x) = Zk 1 k) H ap > 0
[T—i T(ar) 1) or € (0.1)
:E:Pk==
k

- (0.5,0.5,0.5) a = (55,5) a = (40,10,10)




density

5

Dirichlet distribution revievv

K

. . a
Dirichlet(p1.x|a1.x) = HZk L k) H ar > 0
=l =1 Pr € (07 1)
Zpk —
k

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

e What happens? a=a,=1 a=ai — 0

[demo]

a = ap — 00 Unequal ag
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So far K << N. What if not?

* 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 is random

 Number of clusters grows with N
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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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* 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

Vi ~ Beta(aq, by) 01 =W

V5 ~ Beta(as, bo) po = (1 —V7)V5

[ fo—1

Vi AJIBGta(ak,bk) Pr = II(l—-Vﬂ Vi

[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)

Vi ~ Beta(aq, by) 01 =W

. ]
Vi ~ Beta(ay, by,) or=| 1=V

V5 ~ Beta(as, bo) po = (1 —V7)V5

Vi

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

* Dirichlet process stick-breaking: a, = 1,by = a >0
o Griffiths-Engen-McCloskey (GEM) distribution:

p=(p1,p2;...) ~ GEM(a)

[demo]

Vi ~ Beta(aq, by) 01 =W

. ]
Vi ~ Beta(ay, by,) or=| 1=V

V5 ~ Beta(as, bo) po = (1 —V7)V5

Vi

[McCloskey 1965; Engen 1975; Patil and Taillie 1977; Ewens 1987; Sethuraman 1994: Ishwaran, James 2001]
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e (3aussian mixture model
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 Why is NPBayes challenging but practical?
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