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e Part of Dirichlet Process mixture model

* Finite representation for inference?
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e Chinese restaurant process

e 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
o “Partition” Ilg = {{1,2,7,8},{3,5,6},{4}}
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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” H8 — {{17 27 77 8}7 {37 57 6}7 {4}}

Partition from a GEM(«a) with categorical draws = same
distribution as partition from a CRP(«a)
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Probability of N customers (K n tables, #C at table C):

SN loem, (#C —1)! B B
Oé(CM-l-N—l) _P(HN—T‘-N)

Prob doesn't depend on customer order: exchangeable
P(Ilg = {{1,2,7,8},{3,5,6},{4}}) = P(Ils = {{2,3,8,1},{4,6,7},{5}})

e Can always pretend nis the last customer and calculate
p(HN HN,—n)

* €.0. H8,—5 — {{1727778}7{376}7{4}}
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* Probability of N customers (K tables, #C at table C):

SN loem, (#C —1)! B B
Oé(CM—I—N—l) _P(HN—T‘-N)

* S0: [ 2=~ if njoins cluster C
p(HN‘HN,—n) = 9 - Q -
. ax~n—1 If nstarts anew cluster

* Gibbs sampling review: target distribution p(v1,va, vs)

o Start: vﬁo),véo),véo) ngt) ~ p(v2 U§t)7?}:§t_1))

o f1h step:. U§t) p(vl‘vgt—l)v vigt—l)) U;gt) ™ p(UB UY)? Uét))
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CRP mixture model exercises
Code a CRP mixture model simulator * Data z1:n
Derive the CRP mixture model Gibbs
sampler in the slides; derive p(zcu(nylzc) |
explicitly for a Gaussian mixture i '
Extend the CRP mixture model Gibbs 1 g

: : / © 4
sampler in the slides to sample the o 3 ‘
cluster-specitic parameters as well
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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Document 3 .. .. NrOCESS
Document 4 ...  Beta process
Document 5 . .
Document 6 ..

11 |Griffiths, Ghahramani 2005, Hjort 1990, Kim 1999, Thibaux, Jordan 2007, Broderick, Jordan, Pitman 2013]
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[Wakeley 2008] , .
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