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Chinese restaurant process

Each customer walks into the restaurant

e Sits at existing table with prob proportional to # people
there

 Forms new table with prob proportional to «a
“Partition” HS — {{17 27 77 8}7 {37 57 6}7 {4}}

Partition from a GEM(«) with categorical draws = same
distribution as partition from a CRP(«a)
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Code a CRP mixture model simulator * Data 71y

Derive the CRP mixture model Gibbs
sampler in the slides; derive p(xcuny|zc)
explicitly for a Gaussian mixture

Extend the CRP mixture model Gibbs

] | 7 26 4
sampler in the slides to sample the 20 (o3 s
cluster-specific parameters as well S 25

Read Neal 2000 and try out other samplers

-urther: Read Walker 2007: Kalli, Griffin, Walker 2011 and code a
DPMM slice sampler; Read Wang, Blei 2012 and code a
variational inference algorithm

Read Broderick, Jordan, Pitman 2013 “Cluster and feature
modeling [...]" for more background/extensions

>
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