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We develop ProbGraph: a graph 
representation that uses probabilistic 

set representations (aka sketches)
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Maintain a very small 
άǎƪŜǘŎƘέ ƻŦ ŀ ƎǊŀǇƘ

What design to use 
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[1] BΦ IΦ .ƭƻƻƳΣ ά{ǇŀŎŜκǘƛƳŜ ǘǊŀŘŜ-offs in hash coding with allowable ŜǊǊƻǊǎέ, CACM, 1970.
[2] !Φ ½Φ .ǊƻŘŜǊΣ άhƴ ǘƘŜ ǊŜǎŜƳōƭŀƴŎŜ ŀƴŘ ŎƻƴǘŀƛƴƳŜƴǘ ƻŦ ŘƻŎǳƳŜƴǘǎέ, IEEESEQUENCES, 1997.
[3] Z. Bar-YossefŜǘ ŀƭΦΣ ά/ƻǳƴǘƛƴƎ ŘƛǎǘƛƴŎǘ ŜƭŜƳŜƴǘǎ ƛƴ ŀ Řŀǘŀ ǎǘǊŜŀƳέ, in RANDOM, 2002.

MinHash [2]
K Minimum 
Values [3]
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Evaluation: Used Machines & Objectives


