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• Previous heuristics: data squashing, big data GPs 
• Cf. subsampling 
• How to develop coresets for Bayes?

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set
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[Huggins, Adams, Broderick 2017]

Data summarization

• 6M data points, 1000 
features 

• Streaming, distributed; 
minimal communication 

• 22 cores, 16 sec 
• Finite-data guarantees on 

Wasserstein distance to 
exact posterior16
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