EIECS MIT STATISTICS F& IDSS Yr]rlr_ r%

DATA SCIENCE

ECTRICAL ENGINEERING  CENTER NSTIT

AND COMPUTER SCIENCE TEMS, A
CSAIL

Nonparametric Bayes
and Exchangeabillity:
Part ||

Tamara Broderick

Associate Professor
Electrical Engineering & Computer Science
MIT

http://www.tamarabroderick.com/tutorials.html



Roadmap



Roadmap

 Example problem: clustering



Roadmap

 Example problem: clustering
 Example NPBayes model: Dirichlet process (DP)



Roadmap

 Example problem: clustering
 Example NPBayes model: Dirichlet process (DP)

* Big questions



Roadmap

Example problem: clustering
Example NPBayes model: Dirichlet process (DP)

Big questions
 Why NPBayes?



Roadmap

 Example problem: clustering
 Example NPBayes model: Dirichlet process (DP)

* Big questions
 Why NPBayes?

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




Roadmap

 Example problem: clustering
 Example NPBayes model: Dirichlet process (DP)

* Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?




Roadmap

-xample problem: clustering
-xample NPBayes model: Dirichlet process (DP)
De Finetti for clustering: Kingman Paintbox

Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?




Roadmap

-xample problem: clustering

-xample NPBayes model: Dirichlet process (DP)
De Finetti for clustering: Kingman Paintbox

De Finetti for networks/graphs

Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?




Roadmap

-xample problem: clustering

-xample NPBayes model: Dirichlet process (DP)
De Finetti for clustering: Kingman Paintbox

De Finetti for networks/graphs

Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?

 How does thinking about exchangeability help us use
NPBayes in practice?




11

Dirichlet process mixture moael



11

Dirichlet process mixture moael

e (3aussian mixture model



Dirichlet process mixture moael

e (3aussian mixture model

P = (/017/02) ™~ Beta(ala CLQ) I |
1 2




Dirichlet process mixture moael

e (3aussian mixture model

P = (/01 °°°°° /OK) ™~ Dir(alzK) I | I
1 2 3




Dirichlet process mixture moael

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




Dirichlet process mixture moael

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

12



Dirichlet process mixture moael

e (Gaussian mixture model
p=(p1,p2,...) ~ GEM(c)
ok ZrZ\SZN(MOyZO)vkzlvzw" 1 & 3 4

12 >




Dirichlet process mixture moael

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

e~ N (0, 20), k= 1,2, ... 2 3 4
P2
|
{2 RP
A
[]
[]

12 >




12

e (3aussian mixture model

Dirichlet process mixture moael

p=(p1,p2,...) ~ GEM(«)




12

e (3aussian mixture model

Dirichlet process mixture moael

p=(p1,p2,-..) ~ GEM(a)
. ZOO d
* |.e. G — 1 ’Ok5'u’k — DP(ayN(MO7EO))

A

[

pa 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 je. 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 je. G= Zkzl P10, = DP (o, N (10, X0))

A

P2
2 X Categorical(p) || 1 .

o=, 12 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 je. G= Zkzl P10, = DP (o, N (10, X0))

A

P2
2 X Categorical(p) || 1 .

o=, 12 RD

A




12

Dirichlet process mixture moael

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

P2
2 X Categorical(p) || 1 .

o = [z, 2 RY
. . did
¢ je. u, ~G 4




12

Dirichlet process mixture moael

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

P2
2 X Categorical(p) || 1 .

o = [z, 2 RY
. . did
¢ je. u, ~G 4

inde
Ln NpN(:uf:uE) -




12

Dirichlet process mixture moael

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

P2
2 X Categorical(p) || 1 .

o = [z, 2 RY
. . did
¢ je. u, ~G 4

inde
Lp ™ g N(,u;, E)




12

Dirichlet process mixture moael

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

P2
2 X Categorical(p) || 1 .

o = [z, 2 RY
. . did
¢ je. u, ~G 4




Roadmap

-xample problem: clustering

-xample NPBayes model: Dirichlet process (DP)
De Finetti for clustering: Kingman Paintbox

De Finetti for networks/graphs

Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?

 How does thinking about exchangeability help us use
NPBayes in practice?




Roadmap

-xample NPBayes model: Dirichlet process (DP)
De Finetti for clustering: Kingman Paintbox
De Finetti for networks/graphs

Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?

 How does thinking about exchangeability help us use
NPBayes in practice?




Roadmap

* De Finetti for clustering: Kingman Paintbox
* De Finetti for networks/graphs

* Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?

 How does thinking about exchangeability help us use
NPBayes in practice?




Roadmap

* De Finetti for clustering: Kingman Paintbox
* De Finetti for networks/graphs

* Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?

 How does thinking about exchangeability help us use
NPBayes in practice?




Roadmap

* De Finetti for clustering: Kingman Paintbox
* De Finetti for networks/graphs

* Big questions
 Why NPBayes?

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

 Why is NPBayes challenging but practical?

* How does thinking about exchangeabillity help us use
NPBayes in practice?



Roadmap

—xample problem: clustering

-xample NPBayes model: Dirichlet process (DP)
De Finetti for clustering: Kingman Paintbox

De Finetti for networks/graphs

Big questions
 \Why NPBayes?” Learn more from more data

 What does an infinite/growing number of parameters really
mean (in NPBayes)?” Components vs clusters; latent vs
realized

 Why is NPBayes challenging but practical? Infinite
dimensional parameter but finitely many realized (in
practice, e.g., can integrate out or truncate the infinity)

 How does thinking about exchangeability help us use
NPBayes in practice?
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social: Facebook, Iwitter, email
biological: ecological, protein, gene
transportation: roads, railways

* Interpretable, flexible, coherent uncertainties, expert info

* Example models: Stochastic block, mixed membership
stochastic block, infinite relational, and many more

* Assume: Adding more data doesn’'t change distribution of
earlier data (projectivity)

* Problem: model misspecitication, dense graphs

* Some solution directions: frameworks for sparse graphs

4 [Holland et al 1983; Kemp et al 2006; Xu et al 2007; Airoldi et al 2008; Lloyd et al 2012]
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[Caron, Fox 2017; Veitch, Roy 2015, 2016; Borgs,

A : M a ny i d eaS Chayes, Cohn, Holden 2016; Broderick, Cai 2015; Cali,

Broderick 2015a,b; Crane, Dempsey 2015a,b, 2016a;
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* (Graphexes, at this workshop:
 Chayes, Monday 1:45pm
 Borgs, Monday 2:30pm

* Global sparsity and local density, at this workshop:
e Willlamson, Wedn 1:45pm

* |dea: exchange the edges instead of nodes

 Our work + Don’t miss independent graphs work by Crane &
Dempsey!
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Thm. A wide class of edge-exchangeable graph
models yields sparse graph sequences

Thm. A paintbox-style characterization for
edge-exchangeable graph sequences



Roadmap

—xample problem: clustering

—xample NPBayes model: Dirichlet process (DP)
De Finetti for clustering: Kingman Paintbox

De Finetti for networks/graphs

Big questions
 Why NPBayes? Learn more from more data

 What does an infinite/growing number of parameters really

mean (in NPBayes)?” Components vs clusters; latent vs
realized

 Why is NPBayes challenging but practical? Infinite
dimensional parameter but finitely many realized (in
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 How does thinking about exchangeability help us use
NPBayes in practice?
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