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Roadmap• Bayes Foundations 
• Unsupervised Learning 

• Example problem: clustering 
• Example BNP model: Dirichlet process (DP) 
• Chinese restaurant process 

• Supervised Learning 
• Example problem: regression 
• Example BNP model: Gaussian process (GP) 

• Venture further into the wild world of Nonparametric Bayes 

• Big questions 
• Why BNP? 
• What does an infinite/growing number of parameters really 

mean (in BNP)?  
• Why is BNP challenging but practical?
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Power laws
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De Finetti mixing measures

[Kingman 1978, Broderick, Pitman, Jordan 2013, Aldous 1983, Orbanz, Roy 2015]

• Clustering: Kingman paintbox

• Feature allocation: Feature paintbox

• Graphs/networks: Aldous-Hoover theorem

[Lloyd 
2012]
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) = p(p(
E.g. online social networks, 
biological networks, 
communication networks, 
transportation networks 

Probabilistic models for graphs

• Rich relationships, coherent uncertainties, prior info 
• Stochastic block model, mixed membership stochastic 

block model, infinite relational model, and many more 
• Assume: Adding more data doesn’t change distribution of 

earlier data (projectivity) 
• Problem: model misspecification, dense graphs 
• Our Solution: a new framework for sparse graphs

[Holland et al 1983; Kemp et al 2006; Xu et al 2007; Airoldi et al 2008; Lloyd et al 2012]21
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p( ) = p( )

G3

Thm. A wide range of edge-exchangeable 
graph sequences are sparse

Thm. A paintbox-style characterization 
for edge-exchangeable graph sequences

[Broderick, Cai 2015; Crane, Dempsey 2015; Crane, Dempsey 2016; Cai, Campbell, Broderick 2016]25
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• Venture further into the wild world of Nonparametric Bayes 
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