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Data Summarization

VideosLarge set of images

Sensor data fMRI parcellation



Submodularity
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 Diminishing returns property for set functions.

V = }{

∀ A ⊆ B ⊆ V and x ∉ B
f (A ∪ {x}) - f (A) ≥ f (B ∪ {x}) - f (B)
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Streaming Algorithms
• Many practical scenarios we need to use streaming 

algorithms:


• the data arrives at a very fast pace


• there is only time to read the data once 

• random access to the entire data is not possible and 
only a small fraction of the data can be loaded to the 
main memory
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Key challenge:  
 

Extract small, representative subset  
out of a massive stream of data
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Constrained Non-Monotone Submodular Maximization

constraints<latexit sha1_base64="Pu/j5s7RZ6u4tiUqNEnw8D7iAT0="></latexit>

[Chekuri et al., 2015]

Set system: a pair (𝓝,𝓘), where 𝓝 is 
the ground set and 𝓘 ⊆ 2𝓝  is the set of 
independent sets

p-matchoid: a set system (𝓝,𝓘) where 
there exist m matroids (𝓝i,𝓘i) such that 
every element of 𝓝 appears in the 
ground set of at most p matroids and 

I = {S ✓ 2N | 81im S \Ni 2 Ii}
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Data Stream

Ui  Exchange-Candidate(Si�1, ui)

Si�1

ui ui+1 ui+2 ui+3 ui+5

The Sample-Streaming Algorithm
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Constrained Submodular Maximization
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Conclusion
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• Our algorithm provides the best of three worlds:

• the tightest approximation guarantees in various settings

• minimum memory requirement

• fewest queries per element
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