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e A theoretical motivation: De Finetti's Theorem

* A data sequence is infinitely exchangeable if the
distribution of any N data points doesn’'t change when
permuted: P(X1, ..., Xn) =p(Xo1)s - Xon))

* De Finettis Theorem (roughly): A sequence X1, Xo, ...
IS Infinitely exchangeable if and only if, for all N and
some distribution P

N
p(Xr Xn) = [ ] p(Xal6)P(as)
« Motivates: ¥ n=1
 Parameters and likelihoods
* Priors
* "Nonparametric Bayesian” priors

[Hewitt, Savage 1955; Aldous 1983]
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-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?
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* e.g. species sampling, topic modeling, groups on a
soclal network, etc.

P1 P2 P3 £1000

 Components: latent groups

» Clusters: components represented in the data

e [demo 1, demo 2]

 Number of clusters for N data points is < K and random

 Number of clusters grows with N
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