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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

20 [Ishwaran, James 2001; Campbell*, Huggins*, Broderick 2016]
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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 CRP mixture model simulator . Data z1.n

Derive the CRP mixture model Gibbs
sampler in the slides; derive p(zcuny|zc)
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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Probabilistic models for graphs

soclal: Facebook, Iwitter, email
biological: ecological, protein, gene
fransportation: roads, railways

* 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
* Our Solution: a new framework for sparse graphs

 Concurrent & independent graphs work by Crane & Dempsey

o4 [B, Cai 2015; Cai, B 20153a,b; Crane, Dempsey 2015a,b,16a,b; Cai, Campbell, B 2016; Campbell, Cai, B 2016]
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1 edges(G,)] = E < ) / / W(e.y) de dy

~ cn® = c - [#nodes(G,,)]?
Cor. Every node-exch graph sequence is dense (or empty) a.s.

Intuition: To a given node, all other nodes look the same.

[Caron, Fox 2014; Veitch, Roy 2015; Borgs, Chayes, Cohn, Holden 2016;
27Broderick, Cai 2015; Cai, Broderick 2015a,b; Crane, Dempsey 2015a,b, 2016a; Cai, Campbell, Broderick 2016]
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