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Regularized Submodular Maximiza2on

Consider the following problem:

Submodularity Monotonicity

f(A)  f(B)
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If  is 
1. non-negative
2. monotone
3. submodular

Greedy yields -approximation

f

<latexit sha1_base64="p56mtlfZ6s479rX9TuQZ/H59R5w=">AAACPHicfZDNSsNAFIUn/tb6W126CZaCiJREBHVX1IUbsYKthabIzfSmHTqZhJmJWEKfwK2+ju/h3p24de2kRtQKXhj45twzcOb4MWdKO86zNTU9Mzs3X1goLi4tr6yuldabKkokxQaNeCRbPijkTGBDM82xFUuE0Od47Q9Osv31LUrFInGlhzF2QugJFjAK2kiXwc1a2ak647H/gptDmeRTvylZFa8b0SREoSkHpdquE+tOClIzynFU9BKFMdAB9LBtUECIqpOOk47silG6dhBJc4S2x+rPFymESg1D3zhD0H01ucvE790pmgQSz83tIkYJOpI7qQeyFzIxMol63m5G/xnh7sto6Hd2HRx2UibiRKOgn9GDhNs6srMi7S6TSDUfGgAqmfm9TfsggWpTd7FoinUna/wLzb2qu189utwv147zigtkk2yRbeKSA1IjZ6ROGoQSJPfkgTxaT9aL9Wq9fVqnrPzNBvk11vsHVsqtyQ==</latexit>

utility

Cost / Penalty

Given a general submodular function 
Testing whether there exists 𝑆 such 
that 𝑓(𝑆) > 0 is NP-hard!
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We need further assumptions on the objective 𝑓!

A more tractable problem: Non-negative
Monotone

Non-negative
Modular

Can we parallelize the greedy approach?

Is it possible to summarize a massive data set “on the fly”?

Many practical scenarios

The data arrives at a very fast pace

There is only time to read the data once

No random access 

On massive data the greedy policies take a few days/weeks to complete



Regularized Submodular Maximiza2on
For a positive real value 

We define:

[Kazemi, Minaee, Feldman, Karbasi] 

For every , THRESHOLD-STREAMING produces a set  of 
size at most  such that 

✏, r > 0
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Multi-Stage Distributed Algorithm

[Kazemi, Minaee, Feldman, Karbasi] 

MultiStage-DISTRIBUTED-GREEDY returns a set               of size at 
most      after            iterations such thatO(1/")
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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.

Max

Distorted-Greedy(k) Distorted-Greedy(k)

Max

DATA

Distorted-Greedy(k)



Mode Finding for SLC Distribu2ons
A distribution is strongly log-concave if its generating polynomial is SLC

Strong negative dependence among sampling items
Many examples of SLC distributions:

 Determinantal point processes
 The uniform distribution on the independent sets of a matroid

SLC does not imply log-submodularity [Gotovos, 2019]

 γ-additively weak submodularity for SLC functions [Robinson et al. 
(2019)]:

For a -additively weak submodular function , the following function is submodular:

[Kazemi, Minaee, Feldman, Karbasi] 

 THRESHOLD-STREAMING returns a solution R such that 

[Kazemi, Minaee, Feldman, Karbasi] 

 MultiStage-DISTRIBUTED-GREEDY returns a solution R such that 

   Use our algorithms to maximize 


