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e A theoretical motivation: De Finetti's Theorem

* A data sequence is infinitely exchangeable if the
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 De Finettis Theorem (roughly): A sequence X1, Xo, ...
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 What does a growing/infinite number of parameters
really mean (in Nonparametric Bayes)?

e Chinese restaurant process

e |Inference

e Venture turther into the wild world of Nonparametric
Bayesian statistics
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 Number of clusters for N data points is < K and random
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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 |
\ ! 2 3 4
« GEM / Dirichlet process
stick-breaking — random |
distribution over 1,2, ... 1| ! g 1

* |nfinity of parameters: components

« Growing number of parameters: clusters
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