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Chinese restaurant process
1 / o 3

2

5

8
e Same thing we just did

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
* Marginal for the Categorical likelihood with GEM prior
We've seen: Dirichlet process, Chinese restaurant process
* Infinity of parameters (components)

* Growing number of parameters (clusters)
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More Markov Chain Monte Carlo

e Slice sampling
o auxiliary variable = finite conditionals

* Approximate with truncated distribution
* E.g., Hamiltonian Monte Carlo

25 [Ishwaran, James 2001; Campbell*, Huggins*, Broderick 2016]
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Variational Bayes

e Variational Bayes (VB)
* Approximation q¢*(8)for
posterior p(0|x)
o “Close”: Minimize Kullback-
Liebler (KL) divergence:
- K L(qllp(-|z))
2 * “Nice”: factorizes,
exponential family, truncation

* VB practical success
* point estimates and prediction
e fast, streaming, distributed
* Linear response VB (LRVB) for
accurate covariance

[Broderick, Boyd, Wibisono, Wilson, Jordan 2013; Giordano, Broderick, Jordan 2015]
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 Code a DPMM simulator using a:

Exercises

(1) CRP, (2) DP

What is the expected number of clusters generated by a
CRP(a) after N data points?

What do you think about the answer to the previous
question when it comes to real-life data modeling”

Review Gibbs sampling, slice sampling [Neal 2003],
variational Bayes [Bishop 2006

Read
Read

>

Neal 2000] and code a

‘Walker 2007; Kalli, Griffin,

DPMM slice sampler

DPMM Gibbs sampler
Walker 2011] and code a

Read [Blei, Jordan 2004] and code variational inference for
the DPMM
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e [ndian buffet
Document 3 .. .. NrOCESS
Document 4 ...  Beta process
Document 5 . .
Document 6 ..

32 |Griffiths, Ghahramani 2005, Hjort 1990, Kim 1999, Thibaux, Jordan 2007, Broderick, Jordan, Pitman 2013]
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Genealogy, trees, beyond trees

* Kingman
coalescent

* Fragmentation
« Coagulation

T,  Dirichlet
diffusion tree

(1NN

1 2 3 4 5) 6 7 8 9

[Wakeley 2008] , .
33 [Kingman 1982, Bertoin 2006, Teh et al 2011, Neal 2003]
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