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Evolutionary algorithms

C. Darwin, after collecting abundant evidence,
developed a theory about how species evolve

reproduction with variation + nature selection

Chrs Darwin

1809-1882 @

Evolutionary algorithms: a kind of nature-inspired
randomized heuristic optimization algorithms

genetic algorithms, evolutionary strategies, evolutionary
programming, particle swarm optimization, ......

http://www.lamda.nju.edu.cn/qgianc/



Evolutionary algorithms

Common structure of evolutionary algorithms (EAs)

Initial Parent Parent Mutation & Offspring
population selection solutions recombination solutions
Solutionl
Solut?onz Stop New Survivor Fitness
Solution3 criterion population selection evaluation

o 00

End Only requirement

EAs can be applied to solve complex optimization problems
« non-differentiable and non-continuous problems
« problems with multiple objective functions

* problems without explicit objective function formulation
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Application - high-speed train head design

i evaluatlon &
selectlon

Technological overview of the next generation Shinkansen high-speed train Series N700
M. Ueno', S. Usui', H. Tanaka', A. Watanabe®

Central Japan Railway Company, Tokyo, Japan, *West Japan Railway Company, Osaka, Japan

Abstract

In March 2005, Central Japan Railway Company (JR Central) has completed prototype

traineat ~f tho Qariae N70N the navt nanaratinn Qhinkancoan hinh.enaad rmilina ctacl: doualnanad

s g i — B U

waves and other issues related to environmental compatibility such as extemal noise. To
Series N7OO combat this, an aero double-wing-type has been adopted for nose shape (Fig. 3). This nose
shape, which boasts the most appropriate aerodynamic performance, has been newly developed

: rolling stock using the latest analytical technique (i.e. genetic algorithms) used to

main wings of airplanes. The shape resembles a bird in flight, suggesting a feeling

nd senead

this nose ... has been newly developed ... using the

R e R T |

ido Shinkansen line, Series N700 cars save 19% energy than Series 700 cars,
% increase in the output of their traction equipment for higher-speed operation (Fig.

latest analytical technique (i.e. genetic algorithms)

N700 cars save 19% energy ... 30% increase in the output...

Jhis is a result of adopting the ... nose shape

It of adopting the aerodynamically excellent nose shape, reduced running
fhanks to the drastically smoothened car body and under-floor equipment, effective
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Application - antenna design

T I N — Computer-Automated Evolution of an X-Band
Antenna for NASA’s Space Technology 5

I scorch teat

Ames Research Center
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= Derek S. Linden dlinden@jemengineering.com

Doing Business With Us NASA 'EVOLUTIONARY" SOFTWARE AUTOMATICALLY DESIGNS ANTENNA

NASA artificial intelligence (Al) sofware - working on a network of persanal computers - has designed a satellite antenna

JEM Engineering, 8683 Cherry Lane, Laurel, MD 20707, USA Moffett Field, CA 94035,

scheduled to orbit Earth in 2005. USA

The antenna, able 1o fitinta a one-inch space (2.5 by 2.5 centimeters), can receive commangs and send data to Earth from
the Space Technology 5 (ST5) satellites. The three sateilites - aach no bigger han an average TV set - will help scientsts

Since there are two antennas on each spacecraft, and not just one, it is important
to measure the overall gain pattern with two antennas mounted on the spacecraft. For
this, different combinations of the two evolved antennas and the QHA were tried on
the the ST5 mock-up and measured in an anechoic chamber. With two QHAs 38% effi-
ciency was achieved, using a QHA with an evolved antenna resulted in 80% efficiency,
and using two evolved antennas resulted in 93% efficiency. Here “efficiency” means
how much power is being radiated versus how much power is being eaten up in resis-
tance, with greater efficiency resulting in a stronger signal and greater range. Figure 11
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Application - biological evolution
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NANJING UNIVERSITY NJUNEWS RRAFHiEPOED

BR S5HE TEHME EeEM HESHE BEES HMER FAIE REEX REEE FAMR BEXRA

(Science) FIBBRASINRRSSTESRMARE: AREMEE |-
IS EGEEE SR B

1bmedE1 5178, ERUEET) (Science) LIFTRMNEFAEEAZR T mmAZE, FER =R
R ETHIE. N ERTERREI “A high-resolution summary of Cambrian to Early Triassic =
marine invertebrate biodiversity * . ZHIFHHEENAIE, BRMBMERIZSSFONANFR, 2+ |,
ARSI T EmE e, 37 Handt i E S O EIRRARL. -

540 500 460 420 380 340 300 260
Geologic time (Ma)

http://www.lamda.nju.edu.cn/qgianc/



Safe evolutionary algorithms

EAs have yielded encouraging empirical outcomes,
but lack theoretical guarantee

Reported results How about the performance on other data?
Dataset1 | v Dataset6 | ?
Dataset2 | v Dataset7 | ?
Dataset3 | v Dataset8 | ? Not Safe
Dataset4 | v Dataset9 | ?
Dataset5 | v Dataset10| ?

Theoretical guarantee: for any instance of a given problem,

function value of /@ > g . . |
the output solution — Optimal function value

http://www.lamda.nju.edu.cn/qgianc/



Safe evolutionary algorithms

EAs have yielded encouraging empirical outcomes,
but lack theoretical guarantee

Reported results How about the performance on other data?
Dataset1 | v Dataset6 | ?
Dataset2 | v Dataset7 | ?
Dataset3 | v Dataset8 | ? Not Safe
Dataset4 | v Dataset9 | ?
Dataset5 | v Dataset10| ?

Can we design “sate” EAs, i.e.,, EAs with provable
approximation guarantee?

http://www.lamda.nju.edu.cn/qgianc/



Outline

Safe evolutionary optimization?

2 Sg

Develop running time analysis tools for EAs
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Convergence analysis of EAs

Convergence analysis

An EA that the probability of finding
optimum in each step

1. uses global operators
5P OF = VaiP(Eppy €XT|E = %) >0

2. preserves the best solution

converges to the optimal solutions | @ *
[Rudolph, 1998] lim;_, o P(€t eE X ) =1

But life is limited! How fast does it converge?
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Running time analysis of EAs

Convergence analysis

The leading theoretical aspect
[Auger & Doerr, 2011; Neumann & Witt, 2012]

Running time complexity

* Usually grows with the problem size and expressed

in asymptotic notations

e.g., (1+1)-EA solving LeadingOnes: 0 (n?)

Running time analysis
T=min {t=>0] & € X7}

The number of iterations until
finding an optimal or approximate
solution for the first time

A

SWIIJUINY

—>
Problem size
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Running time analysis tools of EAs

- Analyses starting from scratch are quite difficult

- We need general running time analysis tools

Fitness level method [proste et a1, Tcs'02]
» Jumping probability lower bound:
P(&r41 € UjZip1 Sjlé € S) = v

<

» Running time upper bound: Y271/

Drift analysis [He & Yao, AT01]

» Expected drift in one step: gglt i‘t?gils
u

E[ V(&) —Gv(ftﬂ) 1] = ¢ x____@____—————' 8*

» Running time upper bound: V(x)/c
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Switch analysis

Switch analysis vu, Qian & Zhou, TEC'15]

» One step difference with a reference evolutionary process:

Vt:erx,yey e (X)P(er1 € T WIE = x)E[T'|&y = ]
ey TP WPEL € yIE = WETIE =y < py  © )

» Running time upper bound: E[7|§, ~ ] < E[7|&) ~ 1] + T2 0,

Main idea:

0 1 2 3
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Switch analysis

Main idea [Yu, Qian and Zhou, TEC'15]:

Given EA on the given problem

~0-0-0-0-0-0 ‘i%

{§e}iZo

examine the different
behaviors at each step

Reference chain

Vo~
~
~
~
~
~
~
S
N

The expected running time of {&;}{=5: A
E[r] < (2) E[¢'] + %i5 o
e

The expected running time of {§{}{=), easy to analyze
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Ability of switch analysis

Fitness level method proste et a1, Tcs702]
» Jumping probability lower bound:
P(§t11 € UjZiq1 Sjléc € S) = vy

<
» Running time upper bound: ¥2;'1/v;

Reducible to

Drift analysis (e & vao, Aryo1] switch analysis
» Expected drift in one step:

E[V() — V(1) 1 &] =c
20 g

» Running time upper bound: V(x)/c —

Switch analysis can derive at least the same tight bound
while requiring no more information

http://www.lamda.nju.edu.cn/qgianc/



Application of switch analysis

Application [Bian, Qian and Tang, [JCAI'18]:

GSEMO Problem Previous Our result
result

0(n®) < 6n?
[Giel, CEC’03] —~ gives the leading
7 constants

LOTZ

Bi-objective
0(n?logn) < 3n?%logn
CcOCZ [Qian et al.,
AT'13]

om™Y)  |omm) form > 4,|  is asymptotically
Many-objective | mCOCZ | [Laumanns et 0(n3logn) form = 4 tighter than

al., TEC'04]
. L. Thiele
A D at 1/n-approximation:
pproximate 2 Member of
analysis WOMM O(n"(log,n + Academia
logl (Wn/Wl))) Europaea

Switch analysis is general and powerful
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Outline

Safe evolutionary optimization?

2 Sg

Develop running time analysis tools for EAs

2 Sg

Disclose theoretical properties of EAs
for constrained and noisy optimization
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How to deal with constraints when EAs
are used for constrained optimization?

The optimization problems in real-world applications
often come with constraints

http://www.lamda.nju.edu.cn/qgianc/



Constrained optimization

General formulation:

minxex f(X)

S. T.

The goal: find

- objective function

g;(x) =0 1< < q./equality constraints
l ) —_— i )

hi(x) <0, gq+1<i<ml—

inequality
constraints

a feasible solution

\

minimizing the objective f

satisfies all constraints

http://www.lamda.nju.edu.cn/qgianc/



Constraint handling strategies

Two common constraint handling strategies:

O Penalty function [rHadj-Alovane & Bean, OR'97]

* transform the original constrained optimization problem
into an unconstrained optimization problem

O Multi-objective reformulation (coetio Coello, 2002; Cai & Wang, TEC06]

* transform the original constrained optimization problem
into a bi-objective optimization problem

http://www.lamda.nju.edu.cn/qgianc/



Penalty function

Maln ldea [Hadj-Alouane & Bean, OR'97]

1. transform the original constrained optimization
problem into an unconstrained optimization problem

constrained unconstrained
min f(x)

s.t. gi(x)=0, 1<i<aq; min f(x) + A3 fi(x)
hi(x) <0, g+1<i<m /
constraint (x) = 19: ()| l1<i=<gq
violation degree ' max{0,h;(x)} qg+l=<ism

http://www.lamda.nju.edu.cn/qgianc/



Penalty function

Maln ldea [Hadj-Alouane & Bean, OR'97]

1. transform the original constrained optimization
problem into an unconstrained optimization problem

constrained unconstrained
min f(x)

s.t. g;(x)=0, 1<i<g; min f(x) + 1Y%, fi(x)

2. employ a single-objective EA to solve the transtormed
problem

http://www.lamda.nju.edu.cn/qgianc/



Multi-objective reformulation

Maln 1dea [Coello Coello, 2002; Cai & Wang, TEC'06]

1. transform the original constrained optimization
problem into a bi-objective optimization problem

constrained bi-objective
min. () 7N

s.t. g;(x)=0, 1<i<gq; min  (f(x), X7, 0D
hi(x) <0, g+1<i<m /
constraint £.(x) = { 19: (%) 1<i< q
violation degree max{0,h;(x)} q+l=<sis=m

http://www.lamda.nju.edu.cn/qgianc/



Multi-objective optimization

The task: optimize multiple objectives simultaneously

minyex (f1(x), f2(x), ..., fn(x))

Example: bi-objective minimization

x dominates z :

filx) < fi(@) A fo(x) < f2(2)

x is incomparable with y :

i) > LA fL(x) < fL(y)

)\

better f;

\\ better f,
2N
C?['@ x \\\\
O o
Lo, Tt m—————
Of -
> f1
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Multi-objective reformulation

Maln 1dea [Coello Coello, 2002; Cai & Wang, TEC'06]

1.

transform the original constrained optimization
problem into a bi-objective optimization problem

constrained bi-objective
min. () 7N

st g =0, 1lsi<g; min (f (), T fi(x))
hi(x) <0, g+1<i<m

employ a multi-objective EA to solve the transformed
problem / constraint violation degree = 0

output|the feasible solution from the generated non-
dominated solution set

http://www.lamda.nju.edu.cn/qgianc/



Constraint handling strategies

Two common constraint handling strategies:

O Penalty function [rHadj-Alovane & Bean, OR'97]

O Multi-objective reformulation [coelio Coello, 2002; Cai & Wang, TEC06]

Previous empirical studies have shown the superior
performance of multi-objective reformulation

It is not yet clear whether multi-objective
reformulation can be better in theory

http://www.lamda.nju.edu.cn/qgianc/



Problems

* Minimum matroid optimization (I’-solvable) [eimonds, mp71]

e.g., minimum spanning tree, maximum bipartite matching

Definition 1. Given a matroid (U, S), a rank function r: 2Y - N and a weight
function w: U — N, the problem is formulated as

MiNyeroyn NimaWix; s-t. r(x) =1rU)

e Minimum cost coverage (NP—hard) [Wolsey, Combinatorica’82]
e.g., minimum set cover, submodular set cover

Definition 2. Given a monotone submodular function f:2Y - R, some value
qg < f(U) and a weight function w: U — N, the problem is formulated as

minxe{o,l}n Z?zlwixi S.t. f(x) = q

http://www.lamda.nju.edu.cn/qgianc/



Theoretical analysis

Penalty function vs. Multi-objective reformulation
[Qian, Yu and Zhou, [JCAI'15]

* Minimum matroid optimization (P-solvable): obtaining

an optimal solution
matroid rank problem size maximum weight

. o
Penalty function: Q(r?n(log nﬂ)vg Wiax))

Multi-objective reformulation: O(rn(logn + logwy,q, + 1))

The running time reduces by a factor min{logn + log Wy, 4, 7'}

http://www.lamda.nju.edu.cn/qgianc/



Theoretical analysis

* Minimum matroid optimization (P-solvable): obtaining
an optimal solution

Penalty function: Q(r?*n(logn + logwy,qy))

Multi-objective reformulation: O(rn(logn + logwy,qx + 1))

The running time reduces by a factor min{logn + log Wy,4x , 7}

* Minimum cost coverage (NP-hard): obtaining a H,-
approximate solution

Penalty function: ~€xponential w.r.t. n, q, log Winax

Multi-objective reformulation: O(gn(logn + logwy,4 + q))
N

The running time reduces exponentially polynomial

http://www.lamda.nju.edu.cn/qgianc/



Theoretical analysis

Findings from the analysis:

Penalty function

* the penalty prefers feasible solutions X

* get trapped in the local optimum, X

emcibl
which is far from the global optimum infeasible

space

global optimum
Multi-objective reformulation feasible space
* the constraint violation objective

allows infeasible solutions o local optimum

 follow a short path from infeasible to
feasible to find good solutions

http://www.lamda.nju.edu.cn/qgianc/



General problem classes

[Qian et al., AIJ'19]

* Constrained submodular approximately monotone
maximization

Multi-objective flx) > <1 _ 1) (OPT — ke)
reformulation:

* Constrained monotone approximately submodular
maximization

k
) i i 1 1/1— _
Multi-objective f(x) > 1—-— “) ). opT
. 2ke e\l+e
reformulation: 1+ 1= ¢

Achieve the best known polynomial-time

approximation guarantee [Krause et al,, JMLR'08]
[Horel & Singer, NIPS'16]

http://www.lamda.nju.edu.cn/qgianc/



How to improve the robustness when
EAs are used for noisy optimization?

The optimization problems in real-world applications
often come with noise

http://www.lamda.nju.edu.cn/qgianc/



Noisy optimization

The objective evaluation is often disturbed by noise

e.g., a prediction model is evaluated only on a
limited amount of data

Solution x—

Objective
function
evaluation

Exact objective
_.-=7" value: f(x)

T~ Noisy objective

value: F(x)
e.g., f(x) + N(0,0%)

http://www.lamda.nju.edu.cn/qgianc/



The influence of noise

It was believed that noise makes evolutionary
optimization harder

many noise handling strategies have been proposed
[Jin & Branke, TEC’05; Goh & Tan, TEC'07]

Some empirical observations have shown that noise can

have a positive impact on the performance of local search
[Selman et al., AAAI'94; Hoos & Stutzle, JAR'00]

Can noise make evolutionary optimization easier?

http://www.lamda.nju.edu.cn/qgianc/



Theoretical analysis

A sufficient condition: noise is helpful [Qian, Yu and Zhou, ECJ'18]

Theorem 1. Foran EA A optimizing a problem f, which can be modeled by a deceptive
Markov chain, if

Vo & Ao : Pi(x, Xp) = Zm&%@ Poar (. 2, (6)

then noise makes f easier for A.

Intuitively, noise can bring some randomness to help the EA escape from
local optima

% 10°

Example: (1+n)-EA on the Trap problem
f4 . 5 :
| E ' , | .
L g .
. = A k. |
[ / i /= without noise /helpful
® ‘\‘? additive 1
3 3 . & multiplicatived]
° Running time L e
> |X|1 Initial solution

http://www.lamda.nju.edu.cn/qgianc/



Noise handling strategies

Noise is harmful in most cases
Two commonly used noise handling strategies:

O Re'evaluation [Arnold & Beyer, TEC'02; Jin & Branke, TEC'05]

* every time we access the fitness of a solution by evaluation

smooth noise

D ThreShOId SeleCtion [Markon et al., CEC’01; Bartz-Beielstein & Markon, CEC’02]

« an offspring solution is accepted only if its fitness is larger
than that of the parent solution by at least a threshold 7

reduce the risk of accepting a bad solution due to noise

http://www.lamda.nju.edu.cn/qgianc/



Theoretical analysis

the range of noise level such that the
running time is polynomial

Example: Noise handling strategies &PNT)
single-evaluation 0.1 - Satatm W]
(1+1)-EA single-evaluation & 7 > 0 [0, 0]
re-evaluation 0. ©(°2™)] (Droste, 2004)
OneMax re-evaluation & =1 10, 1]
. . re-evaluation & 7 = 2 lotatyiyy: L — oty
one-bit noise re-evaluation & 7 > 0

/

combining re-evaluation with proper threshold
selection is better [Qian, Yu and Zhou, ECJ'18]

http://www.lamda.nju.edu.cn/qgianc/



Outline

Safe evolutionary optimization?

2 Sg

Develop running time analysis tools for EAs

2 Sg

Disclose theoretical properties of EAs
for constrained and noisy optimization

2\ Sg

Propose EAs with good polynomial-time
approximation guarantees for (noisy) subset selection

http://www.lamda.nju.edu.cn/qgianc/



Subset selection

Subset selection is to select a subset of size k from a total set
of n items for optimizing some objective function

— e o S EE e EEE B e EEm B SEn EEE SE SEm EEm e SEm EEm SEm SEm B SEm SEm B SEm SEm S SEm SEm B GEm SEm B SEe REm S Smm Emm e Emm E my,

' Formally stated: given all items V = {vy, ..., v,}, an objective function |

' f 2 > R and a budget k, to find a subset X € V such that |

: maxycy f(X) s.t. |X| <k :
max f (X)

Ground set IV

\ 4

SubsetX Cc V
|1 X| <k
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Application - sparse regression

Sparse regression [topp, TiT04] : Select a few observation variables
to best approximate the predictor variable by linear regression

observation variables predictor a subset X of observation variables

: \_— variable z < L N

Corr | Dis | IR | = | = |AC BICIRF] Corry Dis. LLR | = - L AICIBIC | RF. |
¥l 026 046 1 - - 022 0630 1| xl j028) ‘3'-"5: 1 b - Loz g3l 1
2 031 058 084 = = 058 0sel 11 x2 1031) 059 j0ga } - | - Fosejosel 11
3 To1l o0z Toss | = 1 = Toszloort 1 : X3 :0.11: 002§ 053y = |~ tos3 oot ]
e
X 002 015 | 033 056 0361078y X 3 oz Voo I e 1 03z ozl .2?|
¥6 036 002 001 e | - D32 am:mn S l%*;’l ‘3{'30? '321 - Ig;1 gg?lgﬂ:
X o2 D2 D21 021 002,011 6 1011003 0320 Vo3 fosiload
6 | 01 003 032 - | - 033 051044} § 2110031037y [ e e
*B 032 01 07 ~ 006 086 0 pe] lﬂ.ﬁ? 01102 - g 006 |86 D
x0 024 0 002 - - | 06 0031033 x10 024, 0 'G-O?: m ) 08 :ﬂ03lﬂ-33l

) 11 y012y 045 8 04aa b o | w1 084 koasl 1
x11 017 045 044 = = 054 0.45= 1 : o :0.35: ossVorz 1 o - 1o |G_SB|M?:
x2 03 058 o012 - - 073 osslosTl e e B e L o Rl
«3 | 02 002 024 - | - 034 0023089 R '?: e I SR L
X4 024 092 033 - - 024 093036 x14 (0245 0921033 1024 1053036y
' mean squared
variance q

Item v;: an observation variable R erTor s

Var(z) — MSE, x
Var(z)

Objective f: squared multiple correlation RZy =

http://www.lamda.nju.edu.cn/qgianc/



Application - influence maximization

Influence maximization [kempe et al, kDD03] : Select a subset of users
from a social network to maximize its influence spread

o2 B n .
2.0 & Influential users
.89,
B
‘A o g™ S _
m 8 & ;.S [ 4% clickflickca ose
38 0 e, x8 2 ;
Mﬂﬂg # o - B 0 “
N W " e
%Eﬁ %;J J I 'y Katlej,elten lnnel3
Iy Vigny-- R p A
By 4 8 s
TouchGraph

Item v;: a social network user

Objective f: influence spread, measured by the expected
number of social network users activated by diffusion
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Application - document summarization

Document summarization [Lin & Bilmes, AcL/11] : Select a few
sentences to best summarize the documents

Document Summary

R . T

[tem v;: a sentence

Objective f: summary quality

)
:

etworks

bandits
nin

imi

8 optimization

probal
L mO ? S robust

bayesian analysisstructured ™"

network algorithms stochastic

|earn|ng inference

()
=
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Application - sensor placement

Sensor placement [Krause & Guestrin, IJCAI'09 Tutorial] - select a few places to
install sensors such that the information gathered is maximized

Water contamination detection Fire detection

Item v;: a place to install a sensor Objective f: entropy

http://www.lamda.nju.edu.cn/qgianc/



Subset selection

Sparse regression Influence maximization

iz e Machine Data =75
e & learning mining S
HER R 0y s® %3
ATTE e o \ / g 48 0%
wlonmloilos N - —Tooshod ol !‘f- n. s a n B 2a
S P A R :ggm' T .ﬂ:l_ o 4" 220t
Bihena s S o Subset " e 2
Document summarization selection Sensor placement
Document Summary
—— —=—| Natural / \ R %)%‘&& F e i
—— g language Networks 3 S 1L off
— processing croie el ioro
[Mathematical Programming 1978] Best Paper/Test of
George Nemhauser Time A d:
ward:
f :monotone and submodular
_John Von Neumann ™ dv aleorith [Kempe et al., KDD’03]
|| Theory Prize e greedy algorithm: [Das & Kempe, [CML/11]
(1 — 1/e)-approximation [Iyer & Bilmes, NIPS'13]
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POSS algorithm

POSS algorithm [Qian, Yu and Zhou, NIPS'15]

maxycy f(X) s.t. |X|<k original
Transformation: .
mingcy (—f (X)), |X]) bi-objective
Algorithm 1 POSS
Input: all variables V' = {X;,..., X, }. a given objective f PR b . . . : n
and an integer parameter k € [1, n] ?nltlahzatlon° put the SPeClal solution {O}
Parameter: the number of iterations T’ into the populatlon P
Output: a subset of V' with at most % variables
Process:
I Lets = {0}" and P = {s}. Reproduction: pick a solution x randomly
2 Lett =0, from P, and flip each bit of x with prob.
3 while t <1 do .
4:  Select s from P uniformly at random. _ 1 / n to generate a new solution
5. Generate ' by flipping each bit of s with prob. L.
6:  Evaluate f,(s8") and fo(s"). . . .
7. iffz e Pf.lsflch)thal: 52{ s’ then Evaluation & Updatlng: if the new
& Q={zel|s' Xz} _— solution is not dominated, put it into P
0: P‘: (P\Q)u{s'}. d d t bad soluti
11: t=t4+1.
12;_end while . . .
3 return arg mimee pyeien F1(5) ___—— Output: select the best feasible solution
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Sparse regression

/ Sparse regression: given all observation variables V = {vy,...,v,}, a*,
| predictor variable z and a budget k, to find a subset X < V such that |
, |
! Var(z) — MSE, 4 :
! max R:y = ’ X<k

: XSV z,X Var(z) | | :
| |
: Var(z): variance of z MSE, x: mean squared error of predicting z |
' by using observation variablesin X

a subset X of observation variables
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Experimental results

the size constraint: k = 8

the number of iterations of POSS: 2ek?n

exhaustive search greedy algorithms relaxation methods
\ %

Data set [OFT ] POSS TR ToBa OMP RIE ] TCT |

housing 4370297 | JT437L.0297 | 742910300 742340301 7415103000 7IBEL.0304e | V735430297 @
eunite200 | LB4E40132 | JB4BR2E.0132 | L B3481.0143e B4424 0144e 834910150 842440153« | B320L£.0150e
svimguide 3 270540255 | L2T01x.0257 | 2615+.0260e 2601+.0279« 25570270 21364+.0325e | 239710237 e
ionosphere 599540326 | L59904£.0329 | 592040352 592040346 5921.0353e 583240415« | 57400348
sonar - 53650410 | 51710440 513840432 511240425« 4321406036 | 4496+ 04820
triazines — A301+.0603 | 415040592 41070600  _4073L.059le 3615+.0712¢ | 3793+ .0584e
coll 2000 — 062740076 | 062440070 061940075 0619+.0075e 0363 1+0141le | 053700075«
mushrooms - L9124.0020 | 99091+.002]1e 990940022« 990940022« 68[34.1294e | B8652+.0474e
clean| — A368L.0300 | 4169+.0299e 414540309 41324+ 0315«  _15396+.0562e | 3563 +.0364e
w3a - A3T764.0267 | L33194.024Te 334140258« 331340246 334240276 | 26944 0385e
gisette — 26540008 | CTOOL+E011l6e 674740145 6731+.0134e 53604+.0318« | 570940123«
farm-ads - A217+.0100 | . 4196.0101le 41704+.0113« 417030113 = A771x.0110e

POSS: winftie/loss — 12// 0y 12/0/0 12/v0 1 1/O/0 12/v0

e denotes that POSS is significantly better by

the t-test with confidence level 0.05

POSS is significantly better than all the compared
state-of-the art algorithms on all data sets
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Theoretical analysis

POSS can achieve the optimal polynomial-time
approximation guarantee

Theorem 1. For subset selection with monotone objective functions,
POSS using E[T] < 2ek?n finds a solution X with |X| < k and

fX) =|(1—e77)|-OPT.

N\

the optimal polynomial-time approximation guarantee
for monotone f [Harshaw et al., ICML'19]
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Noise

Previous analyses often assume that the exact value of the
objective function can be accessed

However, in many applications of subset selection, only a
noisy value of the objective function can be obtained

s T EEEEEEEEEEE_E_—___—_—_—_—_—_E—_E—_E—_—_E—_ET—_E—_—_E——__ET——_EI—_——_E—__ET——_—_T—_—_T—,T—,—— ~

/ \
l sangs The objective function: |
o .08 . Influence Influential users € objective runcuon:
: s & f‘;;  mizati i 5 the expected number |

s®g @ 8 ¥ .

Y * ':ﬁé:unn" .5, Inaximization leliefes oS¢ of nodes activated by :
| sﬁéﬁ, e ¥ 208 e ¥ | propagating fromX |
[ o6 %"'L%'l bg® =2%," ' I
: !
| : . noise :
,  The average number of nodes activated by a limited number k

v _ of independent diffusion processes [Kempe et al., KDD'03] ’
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Noise

Previous analyses often assume that the exact value of the
objective function can be accessed

However, in many applications of subset selection, only a
noisy value of the objective function can be obtained
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How about the performance for noisy subset selection?
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Noisy subset selection

- EE o e S S B DS D BEE S B G SEE e B G GEe e B G Sae e G G Sae e G G Sae e S G Ga e Ean G Sae e B S mmw o Eay

' Subset selection: given V = {v, ..., v,}, an objective function
' f:2 > Rand a budget k, to find a subset X € V such that !
I |

______________________________________________

exact objective value noisy objective value

' Multiplicative: (1—€)-f(X) < FX)<(Q+¢€)-f(X)
Noise <

'_Additive: f(X) —e<FX)<f(X)+e¢€

Applications: influence maximization, sparse regression
maximizing information gain in graphical models [chenetal, cors)

crowdsourced image collection summarization (singla et al, AAAT16]
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Theoretical analysis

Approximation guarantee of POSS nOifj strength

¢ < 1/k for a constant
approximation ratio

X) > 1 1 1_61{1’”{ OPT

f()—1+ 2¢k _<1+e><_E) '
(1-¢)y

Under additive noise:

f(x) = (1 — (1 —g)k> . OPT — (%—%eﬁ)e

Noiseless approximation guarantee [Qian, Yu and Zhou, NIPS'15]

Y\K a constant
fX) = (1 — (1 — E) ) +OPT =2 (1—e77)-0PT approximation ratio

Under multiplicative noise:

The performance degrades largely in noisy environments
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PONSS algorithm

Threshold selection has theoretically been shown to be
robust against noise [Qian, Yu and Zhou, ECJ'18]

fX) 2 f(Y) wmmm— f(X)=f(Y)+6

“better”
=
POSS X<Y@{f(X)_f(Y)
| X| < |Y] C .
onservative

PONSS [Qian et al., NIPS'17] l comparison
Multiplicative: Additive:

( 1+6

X<y fX2772/) x<rve {f(X)|§|f<O|?/|+ 20
\ 1X| < |Y] B

http://www.lamda.nju.edu.cn/qgianc/



Theoretical analysis

Under multiplicative noise:

1—elf (- ) Sienificantl
PONSS  f(X) = +E(1 (1 k)) OPT beg;ter y

1 1—e\/  p\k
POSS f(X)21+ P (1—(1+6) (1—E)>-0PT
(1-e)y

When y = 1 (submodular), € is a constant

PONSS a constant approximation ratio

POSS ®(1/k) approximation ratio
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Theoretical analysis

Under multiplicative noise:

Significantly
PONSS  fz1—<(1-(1-1)")-0rr  bett
“1+4e k ctter
1 1—€e\/ 1k
POSS f(X)z1+ 5T (1—<1+E> (1—E)>-0PT
(1—-¢€)y

Under additive noise:

PONSS f(X)2<1—(1—£>k>-0PT—ze better

POSS  f(0) = (1 ~(1- %)") 0PT (% . %e—y> ‘
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Experimental results - influence maximization

PONSS (red line) vs. POSS (blue line) vs. Greedy (black line):

* Noisy evaluation: the average of 10 independent Monte
Carlo simulations

* The output solution: the average of 10,000 independent
Monte Carlo simulations

45N I T T T
-&-FOMES ] 00 F **H*
—*Mh-a-Poss PR =P 4.*#*"“***““"**“*“
5 asp {7 -Greedy a-" " 5
= . & —
== .- o200 faf
L - -y W 7
., 300} = R Bl
d ; - w50 F
EE :l' -"E o ] Eil
= I:I.. - o = 100 |
= ook - ” eﬂ,f’ | = -% -PONSS
— S = & —pos5 |
130 T —Gready
L N N N 04
3 4 5 B 7 2 0 5 10 15 20 25
Budget & Running time m &n

(b) Weibo (10,000 #nodes, 162,371 #edges)
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Experimental results - sparse regression

PONSS (red line) vs. POSS (blue line) vs. Greedy (black line):
* Noisy evaluation: a random sample of 1,000 instances
* The output solution: the whole data set

0.12

-8 -PONSS T -F*Hﬂ*gplm**ﬂ
-& ‘POSS o gt ¥
[ 4 _—
o —-¥ - Gready = Dogr 4 —
& f"' _,_,.,-'-"_'_FFF'_'_
= #* L
e D0B} , A :
S R: Lr xn:m-/’
a 1
ppef @ BT @ 4 f
o IR n:u:f —4 PONSS
. - —POSS
o =T
0.0 ,;2 oM — Greesdy
. L
3 1 5 B 7 5 0 5 10 15 20 25
Budget & Running time in &n

(a) protein (24,387 #inst, 357 #feal)
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Conclusion

Safe evolutionary optimization?

S

Develop running time analysis tools for EAs

S

Disclose theoretical properties of EAs
for constrained and noisy optimization

2 Sg

Propose EAs with good polynomial-time
approximation guarantees for (noisy) subset selection

Yes
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