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Robust Multi-Objective Submodular Optimization: quantile

Multi-ojective submodular optimization (setup)

Multi-objective submodular optimization
§ We have a collection of submodular functions F1pSq, . . . , FdpSq

§ Aggregating the functions Favg “ 1
d

řd
i“1 FipSq and Fwc “ mini“1...d FipSq?

§ In this work, we propose to maximize the quantile of the objectives

S‹K P argmax
SĎV:|S|ďK

QppF1pSq, . . . , FdpSqq. (1)
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Optimization of the quantile of the systems

Pros of optimizing quantiles
§ Successfully used in applications to mitigate the outliers effect
§ Ensures that most objectives have good values
§ Novel criterion/tool on top of average/worst case

Cons of optimizing the quantile
§ Optimization the quantile is NP-Hard
§ Impossible to obtain an approximate algorithm
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Soft-approximation of the quantile: Biased Expectations

Introdution of a novel criterion (Biased Expectations) to approximate the quantiles.

§ For any s P R, we define the Biased Expectation
of a sample x “ px1, . . . , xdq P Rd as follows:

µspxq “ φ´1
s

˜

1

d

d
ÿ

i“1

φspxiq

¸

where φspxq “ pesx ´ 1q{s.
§ Properties of Biased Expectations:

limsÑ´8 µspxq “ mini“1...n xi
limsÑ0 µspxq “

1
d

řd
i“1 xi

limsÑ`8 µspxq “ maxi“1...d xi
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Convergence with soft-quantile Approximation

Algorithm 1 SOFTSAT
1: Require: Cardinality constraint K, functions F p¨q “ rF1p¨q, . . . , Fdp¨qs, parameter s P R
2: Ŝ0 ÐH

3: for t “ 0 to K ´ 1 do
4: et`1 Ð arg maxePV{Ŝt

µspF pŜt Y teuqq

5: Ŝt`1 Ð Ŝt Y tet`1u

6: end for
7: return ŜK

One can show that for any s ă 0, we have:

µspF pŜKqq ě

ˆ

1´
1

fpsq

˙

¨ max
|S|ďK

µspF pSqq

where fpsq “ ´sµ̄{ logp1{ee´sµ̄ ` p1´ 1{eqq 5 4 3 2 1 0
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Applications to different problems
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FipSq “ 1´minePS Dpi, eq
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Thank you for watching!
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