S E‘ECS E;m IDSS

ELECTRICAL ENGINEERING MIT INSTITUTE FOR DATA. ,
AND COMPUTER SCIENCE SYSTEMS, AND SOCIETY CSAIL

Nonparametric Bayesian Methods:
Models, Algorithms, and
Applications (Part 1)

Tamara Broderick

ITT Career Development Assistant Professor
Electrical Engineering & Computer Science
MIT



Roadmap

Example problem: clustering

Example NPBayes model: Dirichlet process

Chinese restaurant process

Inference

Venture further into the wild world of Nonparametric Bayes

Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?




Roadmap

Example NPBayes model: Dirichlet process

Chinese restaurant process

Inference

Venture further into the wild world of Nonparametric Bayes

Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?




Roadmap

Chinese restaurant process
Inference
Venture further into the wild world of Nonparametric Bayes

Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?



Roadmap

Chinese restaurant process
Inference
Venture further into the wild world of Nonparametric Bayes

Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?



Roadmap

Chinese restaurant process
Inference
Venture further into the wild world of Nonparametric Bayes

Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?



Roadmap

Chinese restaurant process
Inference
Venture further into the wild world of Nonparametric Bayes

Big questions
 Why NPBayes?

 \What does an infinite/growing number of parameters really
mean (in NPBayes)?

 Why is NPBayes challenging but practical?



Distributions



Distributions

e Beta =@ random distribution
over 1,2

—h

N



Distributions

e Beta =@ random distribution
over 1,2

* Dirichlet = random
distribution over 1,2,... , K

1 2
L |
1 2




Distributions

e Beta =@ random distribution
over 1,2

* Dirichlet = random
distribution over 1,2,... , K

« GEM / Dirichlet process
stick-breaking — random
distribution over 1,2, ...

—h

—).

—\ —



Distributions

e Beta =@ random distribution
over 1,2

* Dirichlet = random
distribution over 1,2,... , K

« GEM / Dirichlet process
stick-breaking — random
distribution over 1,2, ...

P = (/01,,02, . ) ™~ GEM(@)

—h

Ll
1 2 3
I|I|
1 2 3 4



Distributions

e Beta =@ random distribution
over 1,2

* Dirichlet = random
distribution over 1,2,... , K

« GEM / Dirichlet process
stick-breaking — random
distribution over 1,2, ...

% — .g]pla P25 - - ) ™~ GEM(@)
ok ~ Go

—h

Ll
1 2 3
I|I|
1 2 3 4



Distributions

e Beta =@ random distribution
over 1,2

* Dirichlet = random
distribution over 1,2,... , K

« GEM / Dirichlet process
stick-breaking — random
distribution over 1,2, ...

% — .g]pla P25 - - ) ™~ GEM(@)
dr ~ Go

> G = Zk—l PrOGs

—h

—).

—\ —



Distributions

e Beta =@ random distribution
over 1,2

* Dirichlet = random
distribution over 1,2,... , K

« GEM / Dirichlet process
stick-breaking — random
distribution over 1,2, ...

% — 'E{pl? P25 - - ) ™~ GEM(@)
dr ~ Go

> G = Zk—l PrOGs

A 1 2
Ll |

A 1 2 3 4
[ | |
1 2 3 4

P2

‘IJI'I

D2

@v



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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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
Escobar, West 1995; MacEachern, Mdller 1998] >
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Marginal cluster aSS|gnments
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