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• Interpretable, flexible, coherent uncertainties, expert 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 misspecification, dense graphs 
• Some solution directions: frameworks for sparse graphs

[Holland et al 1983; Kemp et al 2006; Xu et al 2007; Airoldi et al 2008; Lloyd et al 2012]4
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• Idea: exchange the edges instead of nodes 
• Our work + Don’t miss independent graphs work by Crane & 

Dempsey!
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Thm. A wide class of edge-exchangeable graph 
models yields sparse graph sequences

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