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e Same thing we just did

 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

So far: Dirichlet process, Chinese restaurant process
* Infinity of parameters, growing number of parameters
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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
1 =29 =27 =28 =1,23=25 =2¢6=2,24 =3
= Il = {{1,2,7,8},{3,5,6},{4}}
* Partition of [8]. set of mutually exclusive & exhaustive sets
of [8] :={1,...,8}

5
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o auxiliary variable = finite conditionals

* Approximate with truncated distribution
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10 [Ishwaran, James 2001; Campbell*, Huggins*, Broderick 2018]
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e Variational Bayes (VB)
* Approximation q¢*(8)for
posterior p(0|x)

o “Close”: Minimize Kullback-
N N Liebler (KL) divergence:
K L(q|lp(-|x))

s o8 * “Nice”: factorizes,
exponential family, truncation

* VB practical success
* point estimates and prediction
e fast, streaming, distributed

[Broderick, Boyd, Wibisono, Wilson, Jordan 2013]
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Derive the CRP mixture model Gibbs
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explicitly for a Gaussian mixture

Extend the CRP mixture model Gibbs g

sampler in the slides to sample the 21 / 63 4
cluster-specific parameters as well H1 q “25 H3

Review Gibbs sampling, slice sampling [Neal 2003],
variational Bayes [Bishop 2004

Read [Neal 2000] and code a DPMM Gibbs sampler

Read [Walker 2007; Kalli, Griffin, Walker 2011] and code a DPMM
slice sampler

Read [Blei, Jordan 2004] and code variational inference ftor the
DPMM
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[Broderick, Mackey, Paisley, Jordan 2015; Campbell, Cai, Broderick 2016]
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* Rich relationships, coherent uncertainties, prior info

 Example models: Stochastic block, mixed membership
stochastic block, infinite relational, and many more

 Assume: Adding more data doesn't change distribution of
earlier data (projectivity)

* Problem: model misspecitication, dense graphs

e Solution: a new framework for sparse graphs
 "Edge exchangeabillity”

[Holland et al 1983;
Kemp et al 2006; Xu et al 2007; Airoldi et al 2008; Lloyd et al 2012; Broderick, Cai 2015; Cai, Broderick 2015a,b;
20 Crane, Dempsey 2015a,b,20164a,b; Cai, Campbell, Broderick 2016; Campbell, Cai, Broderick 2016]



Nonparametric Bayes

 Bayesian methods that are not parametric
 Bayesian
P(parameters|data) oc P(data|parameters)P(parameters)

* Not parametric (i.e. not finite parameter, unbounded/ P
growing/infinite number of parameters) "‘j‘:{" -
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