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Regularized Submodular Maximization
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~Consider the following problem: B .
9P iy | |~Amore tractable problem: o negive
k Al L |
S* = argmax f(S), where f(-) & g(-)| £(-) S* = argmax f(S) where f(-) 2/ g(-)|—¢(")
SCN,|S|<k Cost / Penalty | SCN,|S|<k N v
— — on-negative
. o Modt?lar
Submodularity Monotonicity ~ Many practical scenarios

VA C B C N and e € N/ \ B VAC BCN » The data arrives at a very fast pace

» There is only time to read the data once

flAUe}) = f(A) =2 f(BURe)) = f(B) F(A) < FB) ||+ Norandom access

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

. . N . . . . 7 b
CIf fis ~Given a general submodular function / s it possible to summarize a massive data set “on the fly”?
1. non-negative Testing whether there exists .S such |
2. monotone that f(S) >0 is@P-har@ »
3. submodular |

Greedy yields (1 — ¢ -approximation We need further assumptions on the objective f1 | Can we parallelize the greedy approach?
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Regularized Submodular Maximization
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~For a positive real value 7 l

_27°+1—\/47°2—|—1 |
N 2

h(r)

~We define:

T e argmax [(h(r) - ) - g(T) — r - €(T)]
SCN,|S|<k

Algorithm 1: THRESHOLD-STREAMING

1 Guess a value 7 such that
kr < h(r)-g(T)—r-4T) < (1+¢e)kT.
2 Let a(r) « 2HLEY dritl
3 LetS < @. Max
4 while |S| < k and there are more elements do
5 Let u be the next elements in the stream.

6 [if gu|S)—a(r)-({u}) > then]

7 L Add u to the set S.

8 return the better solution among S and @.

[Kazemi, Minaee, Feldman, Karbasi]

For every €;7 > 0, THRESHOLD-STREAMING produces a set S € N of
size at most k such that

9(8)~U(S) > | max _ [h(r) —e)- g(T) - (D)
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~Multi-Stage Distributed Algorithm
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Distorted-Greedy(k)
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Distorted-Greedy(k Distorted-Greedy(k)

[Kazemi, Minaee, Feldman, Karbasi]

MultiStage-DISTRIBUTED-GREEDY returns a set D C N of size at
most k after O(1/¢) iterations such that

Elg(D) — £(D)]

——— > (1—¢7") - g(OPT) - L(OPT)

Does not require to keep multiple copies of the data.
It improves the state-of-the-art for monotone-submodular functions.




Mode Finding for SLC Distributions
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- oAdistribution is strongly log-concave if its generating polynomial is SLC
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» Strong negative dependence among sampling items * g(S) 2 A(S) + £(S) is monotone and submodular.

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

» SLC does not imply log-submodularity [Gotovos, 2019] Use our a|gorithms to maximize A()

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

[Kazemi, Minaee, Feldman, Karbasi]

H‘ A set function p : N S Ris ~ -additively weak submodular if for any S C N THRESHOLD-STREAMING returns a solution R such that
and u,v € N\ S with u # v, we have:
Y(h(r) —e)i(l =1) — |R[- (|R[ - 1)]

p(S) + p(SU{u,v}) < v+ p(SU{u}) + p(SU{v}) 2 ‘
| F ‘
| | W

W For a "/-additively weak submodular function P, the following function is submodular: [Kazemi, Minaee, Feldman, Karbasi]

| p(R) > (h(r) —e)p(OPT) — (a(r) —r — 1+ e)l(OPT) —

A(S) £ p(S) — % 18] (1S — 1) \ MultiStage-DISTRIBUTED-GREEDY returns a solution R such that

| lp(R)] = (1 - ¢) [(1 — ) p(OPT) — e g(opr)] - U= =D Z IR = U]

((S) = Ly, where £, £ max{A(M\u) — AWN),0} = max{p(M\u) — p(N) + 7 (|N] - 1),0}

uesS




