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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]



Dirichlet process mixture moael



Dirichlet process mixture moael

e (3aussian mixture model



Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(a)



Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)
Mk Zrz\gl-/\/’(/l()yz())vkzlvzw" 1 2 3 4




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)
Mk ZrZ\SZN(MOyZO)vkzlvzw" 1 2 3 4




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)
e~ N (0, 20), k= 1,2, ... 2 3 4




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)




Dirichlet process mixture moael

e (Gaussian mixture model

p=(p1,p2,...) ~ GEM(«)

ke~ N (0, 20), k= 1,2, ... 2 3 4
. 0 d

e jie. G = Zkzl P10, = DP (o, N (10, X0))

A

L

fa RD

A




Dirichlet process mixture moael

e (Gaussian mixture model

p=(p1,p2,...) ~ GEM(«)

ke~ N (0, 20), k= 1,2, ... 2 3 4
. 0 d

e jie. G = Zkzl P10, = DP (o, N (10, X0))

A

P2
2 X Categorical(p) || il .

fa RD

A




Dirichlet process mixture moael

e (Gaussian mixture model

p=(p1,p2,...) ~ GEM(«)

ke~ N (0, 20), k= 1,2, ... 2 3 4
. 0 d

e jie. G = Zkzl P10, = DP (o, N (10, X0))

A

P2
2 X Categorical(p) || il .

/i;:, — Mz, 2 . >RD

A




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)

P2
2 X Categorical(p) || .

o = [z, 2 R
e e NG \




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)

P2
2 X Categorical(p) || .

o = [z, 2 R
e e NG \

inde
Ln NpN(:uf:uE) -




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)

P2
2 X Categorical(p) || .

o = [z, 2 R
e e NG \

inde
Lp ™ g N(,u;, E)




Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(«)

P2
2 Categorical(p) || .

o = [z, 2 R
e e NG \




Dirichlet process mixture moael

* More generally
p=(p1,p2,...) ~ GEM(«)

P2
2 Categorical(p) || N

. . iid
¢ je. u, ~G 4

inde
Ln, ™~ g N(,u;, E)




Dirichlet process mixture moael

* More generally

p=(p1,p2,...) ~ GEM(«)

qbk%ic:o k=12 ... 2 3 4

P2
% us Categorlcal(p) || N

d
o|e M;;Zrsz A

inde
Ln, ™~ g J\/'(,u;, Z)




Dirichlet process mixture moael

* More generally

p=(p1,p2,...) ~ GEM(«)

qbk%ic:o k=12 ... 2 3 4

P2
% us Categorlcal(p) || N

d
o|e M;;Zrsz A

inde
Ln, ™~ g J\/'(,u;, Z)




Dirichlet process mixture moael

* More generally

p=(p1,p2,...) ~ GEM(«)

qbk%ic:o k=12 ... 2 3 4

P2
% us Categorlcal(p) || N

d
o|e M;;Zrsz A

inde
Ln, ™~ g J\/'(,u;, Z)




Dirichlet process mixture moael
* More generally

p = (p1,p2,...) ~ GEM(c) I | | 4 .
e F=1,2,... 2 5 4

cie. G=>"" pudgg< DP(a, N (o, %))

A

P2
2 Categorical(p) d .
iy, = fz, L K3

. id
* |.€. ,u,j; ~ G A

v " N (p3, D




Dirichlet process mixture moael
+ More generally

p = (p1,p2,...) ~ GEM(c) I | |
e F=1,2,... 2 5 4
* e GzZ:; PkiiDP(aa-)

P2
2 Categorical(p) d .
iy, = fz, L K3

. id
* |.€. ,u:; ~ G A

., infc\iJep ./\/'(u;';, E)




Dirichlet process mixture moael
+ More generally

p = (p1,p2,...) ~ GEM(c) I | |
e F=1,2,... 2 5 4
* e GzZ:; Pk‘iDP(av-)

P2
2 Categorical(p) 1‘ d .

. iid

e je. pu, ~G 4

e, "N N (7, D)




Dirichlet process mixture moael
+ More generally

p = (p1,p2,...) ~ GEM(c) I | |
e F=1,2,... 2 5 4
* e GzZ:; pk‘iDP(av-)

P2
2 Categorical(p) 1‘ d .

e j e e A

e, "N N (7, D)




Dirichlet process mixture mode!

= (p1,p2,...) ~ GEM(a) I | | 4 .
- k=12, 2 5 4
e e. G = Zk 1pk‘ DPoz-

2 X Categorical(p)

° |.e. .% G A




Dirichlet process mixture mode!
_

(,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
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[slides, code:

EXG I’C | S e S www.tamarabroderick.com/tutorials.html]

Review Gibbs sampling.
Derive the Dirichlet-Categorical marginal. o
C

What are the advantages and disadvantages .
of the DP and urn representations?

Can you find a formula for the expected #
clusters from a Hoppe-urn(a) after N data
points”? What happens as N — oo

Code a Hoppe/Blackwell-MacQueen urn
simulator. Examine the empirical distribution of
the # clusters after N customers.

Code a GEM & Categorical simulator.
Compare your two simulators.
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A tull reference list is provided at the end of the “Part 3” slides.



