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_lf fis ~Given a general submodular function f
1. non-negative Testing whether there exists .S such
2. monotone that 7(.5) >0 is@P-harcD
3. submodular
Greedy yields (1 — 6_1)-approximation We need further assumptions on the objective f!
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- Prior Work:

» [Sviridenko et al., 2017]:
O Algorithm based on continuous extensions
O Need to guess the cost of the optimal solution

» [Feldman, 2018]:
O Removed the guessing step

» [Harshaw et al., 2019]:
O Distorted-greedy: an efficient algorithm
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- Prior Work: - Many practical scenarios
> [Sviridenko et al., 2017]: » The data arrives at a very fast pace

O Algorithm based on continuous extensions > There is only time to read the data once

O Need to guess the cost of the optimal solution
> NoO random access

> [Feldman, 2018]: > On massive data the greedy policies take a few
O Removed the guessing step days/weeks to complete
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o Is it possible to summarize a massive data set “on the fly”?
O

> NO random access

» [Feldman, 2018]: - sedy policies take a few
O Removed the ¢ )

Can we parallelize the greedy approach?

» [Harshaw et al., 20
O Distorted-greedy: an efficient algorithm

O Extend it to the case of weakly submodular
functions
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Approximation Factor as a Function of g(OPT)/Z(OPT)
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[Kazemi, Minaee, Feldman, Karbasi]

MultiStage-DISTRIBUTED-GREEDY returns a set D C N of size at
most k after O(1/¢) iterations such that
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Does not require to keep multiple copies of the data.
It improves the state-of-the-art for monotone-submodular functions.




Applications

~Mode Finding for SLC Distributions
» Strong negative dependence among sampling items

Many examples of SLC distributions:
O Determinantal point processes
O The uniform distribution on the independent sets of a matroid

~Vertex cover of social networks

~Data summarization

» Video, location and text summarization







