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Machine learning aims at learning generalizable models from data

Model optimization

Model representation — Model evaluation -

ETraining data I 'I Learning algorithm @ Validation dataj

A typical machine learning process [Domingos, CACM’12]

Model space Loss function

A 4

J

Thus, a machine learning problem is often formulated as an optimization problem
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The resulting optimization problems are usually complicated, where the objective can be
non-differentiable, non-continuous, non-unique and have many local optima

Selective ensemble Neural architecture search
* Max: generalization performance e Max: accuracy
* Min: number of selected learners * Min: computation cost
Learner hq
Learner h, o
. o}
Learner h,,

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



Multi-objective Optimization

LAVIDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

Multi-objective optimization tries to optimize multiple objectives simultaneously

minges (f1(8), f2(5), ..., fin(s))

x dominates z:

fix) < f1(2) A f2(x) < f,(2)

X is incomparable with y:

i) > 1A f(x) < fL(y)
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Much more complicated than single-objective optimization
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The resulting optimization problems are usually complicated, where the objective can be
non-differentiable, non-continuous, non-unique and have many local optima

Selective ensemble Neural architecture search
* Max: generalization performance e Max: accuracy
* Min: number of selected learners * Min: computation cost
Learner hq
Learner h, o
. o}
Learner h,, 3X3 5%5

Thus, the conventional optimization algorithms such as gradient descent may fail, while
other powerful optimization algorithms are needed
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Evolutionary algorithms (EAs) are a kind of randomized heuristic optimization algorithmes,
inspired by nature evolution (reproduction with variation + nature selection)

gl' &

W

9. .
4 repro uction X
5T

selection selection selection

In 1950, Turing described how evolution might be used for his optimization:
building intelligent machine

“Structure of the child machine = Hereditary material
Changes Of the child machine = Mutations [A. M. Turing. Computing machinery and intelligence.
Judgment of the experimenter = Natural selection ”  Mind 49: 433-460, 1950.]

http://www.lamda.nju.edu.cn/gianc/
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Evolutionary algorithms (EAs) are a kind of randomized heuristic optimization algorithmes,
inspired by nature evolution (reproduction with variation + nature selection)

selection selection selection

Many variants: genetic algorithm, evolutionary strategy, genetic programming, ...

particle swarm optimization ant colony optimization
EAs also include some heuristics 3 st
inspired from nature phenomena

http://www.lamda.nju.edu.cn/gianc/
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arg maxg f(s)

population
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\
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\

new population
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>
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Evolutionary Algorithms

Solution1 |
Solution2 Initial

The general structure of EAs

Mutation &

population recombination

)

Offspring
solutions

itness evaluation
& selectio
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New
population

No

Solution

representation

» No requirement on the objective

» Population-based search

Stop criterion

End

Thus, EAs can be applied to solve complicated optimization problems

non-differentiable, non-continuous

without explicit objective formulation

multiple objective functions

http://www.lamda.nju.edu.cn/gianc/
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Solution1 |
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Initial
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representation
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itness evaluation New'
& selectio population

No

» No requirement on the objective

Stop criterion

» Population-based search End

Thus, EAs can be applied to solve complicated optimization problems

* non-differentiable, non-continuous

* without explicit objective formulation

* multiple objective functions

Multi-objective EAs (MOEAS)

e.g., NSGA-II [Deb et al., TEC'02]
Google scholar: 41646

http://www.lamda.nju.edu.cn/gianc/
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Applications of Evolutionary Algorithms

High-speed train head design

evolve

=

ries N700

con

se

Series 700
save 19% energy

Technological overview of the next generation Shinkansen high-speed train Series N700
M. Ueno1, S. Usui1, H. Tanaka1, A. Watanabe®

Central Japan Railway Company, Tokyo, Japan, 2West Japan Railway Company, Osaka, Japan

waves and other issues related to environmental compatibility such as external noise. To
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
for railway rolling stock using the latest analytical technique (i.e. genetic algorithms) used to
develop the main wings of airplanes. The shape resembles a bird in flight, suggesting a feeling
of boldness and speed.

On the Tokaido Shinkansen line, Series N700 cars save 19% energy than Series 700 cars,
despite a 30% increase in the output of their traction equipment for higher-speed operation (Fig.
4).

This is a result of adopting the aerodynamically excellent nose shape, reduced running

Antenna design

38% efficiency 93% efficiency
Computer-Automated Evolution

of an X-Band Antenna for NASA’s
Space Technology 5 Mission

Gregory. S. Hornby Gregory.S.Hornby@nasa.gov
University Affiliated Research Center, NASA Ames Research Park[, UC Santa Cruz
at Moffett Field, California, 94035

Jason D. Lohn Jason.Lohn@sv.cmu.edu
Carnegie Mellon University, NASA Ames Research Park and Moffett Field,
California 94035

this, different combinations of the two evolved antennas and the QHA were tried on
the ST5 mock-up and measured in an anechoic chamber. With two QHAs 38% efficiency
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

http://www.lamda.nju.edu.cn/gianc/
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Protein design
;j:hrI:Lm o 7 e . N=0
- Ol\@ O OH d
g [Arnold, 1998]

“Evolution—the adaption of species to different environments
—has created an enormous diversity of life. Frances Arnold has
©Nobe Mecia AB.Proio:A. @ Nobel MediaAB Frofo:A. © NobelMecia A, Fhto:A used the same principles — genetic change and selection — to
Frances H.Amold  George P.Smifh Sir Gregory P. Winter develop proteins that solve humankind’s chemical problems. In
e e e 1993, Arnold conducted the first directed evolution of enzymes,
which are proteins that catalyze chemical reactions. The uses of

The Nobel Prize in Chemistry 2018 was divided,

one half awarded to Frances H. Arnold "for the her results include more environmentally friendly manufacturing
ot BRI et ARG il IR Sk of chemical substances, such as pharmaceuticals, and the

jointly to George P. Smith and Sir Gregory P.

Winter "for the phage display of peptides and production of renewable fuels.”

antibodies."
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Multi-objective evolutionary learning

applies MOEAs to solve multi-objective optimization problems in machine learning

Multi-objective evolutionary learning has yielded encouraging empirical outcomes, e.g.,

Evolutionary selective ensemble Evolutionary neural architecture search
1 ! 1 5 g PARAMS. C10+ C100+ REACHABLE?
5 08 5 08 achieves smaller » i~ e —— achieves competitive
~ b error by using w4 § o performance to the
: ﬁf } EE4 { fewer learners ’ pu s 2w hand-designed models
v 2 2 ) VOLUTION E _ 40.4M 17.0% ,
0 0 [Zhou et al., AIY'02] T T A e e e Bon %k ok & [Realetal, ICML'17]
Friedman#l\/ Multi DENSENET (HUANG ET AL., 2016A) 256M  96.7%  82.8% No

Why not popular?

http://www.lamda.nju.edu.cn/gianc/
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The theoretical foundation of MOEAs is underdeveloped
AT A ;%"?'%"*'-: Artificial Intelligence: A Modern Approach

3 e Al .. At present, it is not clear whether the appeal of genetic
) algorithms arises from their performance or from their Theoretical analysis
e “ “aesthetically pleasing origins in the theory of evolution. is very difficult
s wn;@ Much work remains to be done to identify the conditions
- under which genetic algorithm perform well.” ﬁ

. L Valiant EVOlvablllty Journal of the ACM, Vol. 56, No. 1, Article 3,

Publication date: January 20009. e MOEASs: h |gh |y randomized
4 = ég?E EE Abstract. Living organisms function in accordance with complex mechanisms that operate in different
P = A ) ways depending on conditions. Darwin’s theory of evolution suggests that such mechanisms evolved an d com p | ex
ﬂAﬁj( M%ﬁd:: through variation guided by natural selection. However|there has existed no theorylthat would explain
A = X quantitatively which mechanisms can so evolve in realistic population sizes within realistic time

E
N \_‘. = /%

g

* Problems: complicated
“there has existed no theory that would explain quantitatively which

mechanisms can so evolve in realistic population sizes within realistic time ...”

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



LAVIDA

Learning And Mining from DatA

O U tl I n e http://www.lamda.nju.edu.cn

dintroduction
(JTheoretical analysis tools for MOEAs
dTheoretical perspectives of MOEASs
» Recombination operator, constrained optimization, noisy optimization

J Multi-objective evolutionary learning algorithms

» Selective ensemble, subset selection

J Conclusion

http://www.lamda.nju.edu.cn/gianc/
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Objective f,
OPT
£(s) Running time T:

#fitness evaluations until finding desired

solutions for the first time
the process with the highest cost of EA

e.g., model evaluation
‘ Training ‘ >
0 T #fitness evaluations Testing

http://www.lamda.nju.edu.cn/gianc/
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Hard to be
analyzed directly

1

EA with
recombination
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Hard to be
analyzed directly

1

EA with
recombination

EA without
recombination

l

Easier to be analyzed

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



LAVIDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

An Example

Hard to be
analyzed directly

T

EA with
recombination

Simplify the analysis

¥
Q}o'
2

' Expected 1
Lrunning time |

|l
Compare One-step One-step Total
\ r\’Clme difference -+ . time difference = time difference
\O
\3‘*"%\'101111 E&"k\'ooum
E Se/@ . Se/e )
101110011W4 001001011w4 +
EA without " T
Expected

recombination

l

Easier to be analyzed

running time

http://www.lamda.nju.edu.cn/gianc/
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An Example

Hard to be
analyzed directly

T

Simplify the analysis

¥
Q}o'
2

i Expected
Complex EA cee | !
Lunning time |
|l
Compare One-step One-step Total
p time difference - time difference = time difference
"b’i\onlOllll \}@,{\o olo|1|1|o|1
E\\/’ Selee,, E/ Selec,, 4+
101110011N4 001001011N4
Simple EA 01 1|1 Expected
running time

l

Easier to be analyzed

http://www.lamda.nju.edu.cn/gianc/
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Model an EA process as a Markov chain
&’5‘.\00
e
S Tollol
110[1(1
’ v
S?te Markov chain?
0

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qianc/
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Model an EA process as a Markov chain

AoN
N &

D) T
S/ (1]of1)L
v

1{0|1

The generation of the next
population only depends on
the current population

V

Markov property
oo P(&Ei1 1 & &9) = P(Epiq | &)

State

$o

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qianc/
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Hard to be analyzed directly

Target chain ¢ @ >@ >@ >@ >W e

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qianc/
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Hard to be analyzed directly

T
Target chain & @

®
®
®

Reference chain &' |(€g >@ >@ >@ >( €4

l

Easier to be analyzed

[Yu, Qian and Zhou, |IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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Hard to be analyzed directly

T

Target chain &

Expected running time

: N g N | E[z]
One-step time difference 1 Po i+ P11+ P21+ P31+ Pai+ ... = Totaltime difference
e ¥
o | (DN N0 NI NI EDN ' ___ Expected running time
Reference chain & @ /@ /@ ______ g @_ _____ > { $a H : —> E[]

e

Easier to be analyzed
How to estimate one-step time difference p;?

[Yu, Qian and Zhou, |IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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How to estimate one-step time difference p;?

Target chain ¢ @ &1 >( &5 @

2
w
Sy
[y
\V4
()
N
\V4
(=)
w

Intermediate
chains

3
o
S
T,
S
0f¢]
-

|

E—-——=

iy
=
<

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qianc/
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How to estimate one-step time difference p;? Time difference between
adjacent intermediate chains

Target chain ¢ F@ >@ % -

e (G —()—(% ‘v@ = |
X - Tt+1 — E t —
Interm.ediate g2 @ @ /" \ @ ' mapping ¢ _ | ] [7°] P\
chains v _ : One-step time
e GANE) |8 -

I

difference

: @
/@S

()

O— - L E[e?] - E[rY] = p,
O —F@—G—@— -

(&)

(&)

Reference ., p \@ \@ N2 . E[z'] — E[t'] = po
chain S @' $1 /\zJ /\_gy >S4 > eee

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qgianc/

E—-——=

- E[2°] - E[2?] =p,

J\

I\

1
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How to estimate one-step time difference p;? Time difference between
adjacent intermediate chains

Target chain ¢ F@ >@ > cee 7

Intermediate £ @ @ / @ imappinggb
chains :

Reference ., ; / / /
e ¢ @@ —E—E—E—

—

Total time
difference

- E[7] - E[7]

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015]

http://www.lamda.nju.edu.cn/gianc/
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How to estimate one-step time difference p;? Time difference between
adjacent intermediate chains

Target chain ¢ F@ @ &3 @ cee -

ITheorem (SW|tch Analy5|;) Given two absorb/ng Markov chains ¢ € JC and &' € Y, a series of values 1¢
Ir {p: € R}/ with p = Y/23p; and a right (or left)-aligned mapping ¢: X — Y, if E[t | fo ~ To] is finite | le

:and vt: ZXEXyEy e ()P (Ere1 €GP 1 & =E[T 1 =y] < (or 2) Xyyey T/ PWPE =y 'T]

P —

Reference , \@ @ N -
cran ¢ @A E—@—E—E—

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qianc/
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Example: Analyze GSEMO solving the mCOCZ problem
GSEMO: mCOCZ : MaXsero,1yn (f1(8), f2(8), -, fin($))
1. s :=randomly selected from {0,1}"; P := {s} ,L
2. Repeat until some ter.mination criterion is met - w2 o K B
3 Choose.sfr.omP unlformly at random , :> 010011100110101001...1111|(001001|110001]--+101011]
4. apply bit-wise mutation on s to generate s :
. ’ [cooperative part] ™. el [conflicting parts] .
5. if Az€ Psuchthatz > s
6 P.=(P—{zeP|s" zz})u{s o
(Pt | 2 cocz: - (f,f) (£, f) (f..£) - m objectives
- Previous results: : Switch analysis:
L'fTh'e'e h » tighter by n - y
Professor, ETH Zuric m >
Member of Academia 0 (n _ ) 0 (Tl )
Europaea [Laumanns, Thiele [Bian et al., IJCAI'18]

and Zitzler, TEC’'04]

[Bian, Qian and Tang, 1JCAI 2018] http://www.lamda.nju.edu.cn/gianc/
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dintroduction
A Theoretical analysis tools for MOEAs
(JTheoretical perspectives of MOEAs
» Recombination operator, constrained optimization, noisy optimization

 Multi-objective evolutionary learning algorithms

» Selective ensemble, subset selection

J Conclusion

http://www.lamda.nju.edu.cn/gianc/
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Mutation and recombination are two characterizing features of EAs

Parent

Parentl

0

1

Example of mutation

)
1 ] o

0

0

111

0

0

0

|

simulates the chromosome exchange phenomena in zoogamy reproductions

Offspring

Example of recombination

Offspringl

1

0

1

1f8] o] o]0

simulates the gene altering of a chromosome in biological mutation

More complicated

1

1

t[of1]0]

http://www.lamda.nju.edu.cn/gianc/
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Most theoretical studies focused on EAs with mutation, while only a few included
recombination, which is difficult to be analyzed due to the irregular behavior

5 J. Holland J. Rowe B. Doerr - % P. S. Oliveto D. Sudholt
I8 UMich, USA P UOB, UK Q EP, France =M Uos, UK E UOP, Germany
Pioneer of EC AE of TCS Ll AE of Al AE of TEC ‘ AE of ECJ
building block hypothesis  “building block” fails recombination helpful recombination not work  recombination helpful
@ L ® L @ >
1975 2002 2008 2014 2017

Mainly focused on single-objective optimization

How about the influence of recombination for(multi-objective opt@?

» Often involved in machine learning

» More complex than single-objective optimization

http://www.lamda.nju.edu.cn/gianc/
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Our result:

Recombination can accelerate the filling of the Pareto
front by recombining diverse Pareto optimal solutions

Unique to multi-objective optimization

[Qian et al., Artificial Intelligence 2013, ACM GECCOQO’11 Best Theory Paper Award] http://www.lamda.nju.edu.cn/gianc/
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Our result:

Recombination can accelerate the filling of the Pareto
front by recombining diverse Pareto optimal solutions

Unique to multi-objective optimization

Example: MOEA solving the LOTZ Problem

recombination
Expected running time @(n?) » O(n?)

> problem size n

[Qian et al., Artificial Intelligence 2013, ACM GECCO’11 Best Theory Paper Award] http://www.lamda.nju.edu.cn/gianc/
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The optimization problems in machine learning often come with constraints

e.g., to avoid overfitting, one often needs to minimize the error of a model,

while constraining the model complexity

General formulation of constrained optimization:

minsES
S. L.

objective function
fOF—
g;(s) =0 1<i<g; | equality constraints
l - ) —_— — )
hi(S) <0, g+l1<i<ml— inequality constraints

The goal is to find a feasible solution minimizing the objective f

Remark: A solution is (in)feasible if it does (not) satisfy the constraints

http://www.lamda.nju.edu.cn/gianc/
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How to deal with constraints for EAs?

The penalty function method transforms the original constrained optimization
problem into an unconstrained optimization problem [Hadj-Alouane and Bean, OR’97]

constrained unconstrained
min f(S)
st gi(8)=0, 1<i<gq ::> min f(s) + A X%, [f;(s)

constraint ¢ oy 1g:(s)] I=si=q
violation degree 7' max{0,h;(s)} q+1<i<m

http://www.lamda.nju.edu.cn/gianc/
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How to deal with constraints for EAs?

Pareto optimization transforms the original constrained optimization problem into
a bi-objective optimization problem [Coello Coello, 2002]

Constrained optimization: Transform Bi-c')bj'ective optimizati.on:
optimize f under some constraints i op t'“/m/.ze f .and a constraint-related
objective simultaneously
An example
min f(s) min (f(s), ZiZ4/fi(s))
s.t. g;(8) =0, 1<i<gq;
hi(s) <0, g+1<i<m constraint £(s) = 19:(s)| l<i=gq
violation degree ' max{0,h;(s)} q+1<i<m

http://www.lamda.nju.edu.cn/gianc/
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How to deal with constraints for EAs?

Pareto optimization transforms the original constrained optimization problem into
a bi-objective optimization problem [Coello Coello, 2002]

»> optimize f and a constraint-related
objective simultaneously

A 4

Output Multi-objective
evolutionary algorithm

Constrained optimization:
optimize f under some constraints

The best
feasible solutio

A

http://www.lamda.nju.edu.cn/gianc/
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Our result: Pareto optimization can be better by exploiting infeasible solutions

» Penalty function

» prefers feasible solutions

e ifinitialized far from the global optimum,
easy to get trapped by local optimum

global optimum

» Pareto optimization

* | allows infeasible solutions to participate
in the evolutionary process naturally

local
optimum

* follows a shortcut from infeasible space
to feasible space to find good solutions

[Qian, Yu and Zhou, 1JCAI 2015] http://www.lamda.nju.edu.cn/qgianc/
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Our result: Pareto optimization can be better by exploiting infeasible solutions

Example: Minimum set cover problem  One of Karp's 21 NP-complete problems

Expected running time

Penalty function exponential

Pareto optimization  O(mn (logn + logw,,,4, + m))

[Qian, Yu and Zhou, 1JCAI 2015] http://www.lamda.nju.edu.cn/qgianc/
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The objective (i.e., fitness) evaluation in machine learning is often disturbed by noise
model evaluation

Training

»

Testing

How to reduce the negative influence of noise?

Threshold selection [Markon et al., CEC’01]

accepts an offspring solution only if its fitness becomes better by at least a threshold 7

fi(s) > fi(s) = M s)>f(sH+r
Its effectiveness is not yet clear

http://www.lamda.nju.edu.cn/gianc/
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Noisy Optimization

Our result: Threshold selection can bring robustness against noise

>

reduces theriskof  zf-------- ~
. , O i :l_f
deleting a good solution PR

Noisy fitness

True fitness

Example: (1+1)-EA solving the OneMax problem under noise
time

A exponential

threshold, polynomial polynomial
selection

Expected running time: exponential

> problem size

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

[Qian, Yu and Zhou, Evolutionary Computation 2018]
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dintroduction
A Theoretical analysis tools for MOEAs
dTheoretical perspectives of MOEASs
» Recombination operator, constrained optimization, noisy optimization

J Multi-objective evolutionary learning algorithms
> Selective ensemble, subset selection

J Conclusion
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Selective Ensemble

Ensemble learning

Learner hy

Learner h,

x Learner hg

Learner h,

[Zhou, 2012]

’

e achieves better performance
than a single learner

LAVIDA
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Selective ensemble

Learner hy

Learner h,

Learner hs

Learner h,

Chapter 6 of [Zhou, 2012]

‘

e achieves better performance than
the complete ensemble

* reduces storage and improve efficiency

http://www.lamda.nju.edu.cn/gianc/
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_ maximize the generalization performance
Selective ensemble naturally bears two goals

minimize the number of selected learners

Previous methods can be roughly categorized into two branches

» Ordering-based selective ensemble methods (OSE):

e.g., error minimization [Margineantu and Dietterich, ICML'97], diversity-like criterion maximization
[Martinez-Munéz et al., TPAMI’09], combined criterion [Li et al., ECML'12]

» Single-objective optimization-based methods (SOSE):
e.g., genetic algorithms [Zhou et al., Al)'02]

maxggo,13* |f(S) > Genetic algorithm

A subset of learners Generalization performance No theoretical guarantee

http://www.lamda.nju.edu.cn/gianc/
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Introduce the Pareto optimization algorithm for selective ensemble (POSE)

Algorithm 13.3 POSE Algorithm

Bi-objective formulation:

Input: trained individual learners H = {h;}"_,; objective f : 27 — R; criterion eval

Output: subset of H
Process:

maXgerp,1}n (f(s), —Isl1)
/ Max generalization performance Min #learners

1: let g(s) = (f(s),—|s|1) be the bi-objective formulation;

2: let 8 = a solution uniformly and randomly selected from {0, 1}™;
3: let P = {s};

>

4: while criterion is not met do

\ Initialization: randomly generate a solution, put 7

5:  select a solution s from P uniformly at random;
6:  apply bit-wise mutation on s to generate s';

71 if 4z € P suchthat z = s then

8: P=(P\{zeP|s =z}hu{s'}h

9; Q = VDS(f, s');

it into the population P
\ Reproduction: pick a solution randomly from P,

and mutate it to generate a new one - MOEA

——, Evaluation & selection: if the new solution is not
dominated, put it and its good neighbors into P _

10: forg € @

11: if Az € P such that z > g then

12: P=(P\{zcP|qrz})U{q}
13: end if

14: end for

15:  endif

16: end while

>

17: return arg minsep eval(s)

Output: select a final solution

[Qian, Yu and Zhou, AAAI 2015]

http://www.lamda.nju.edu.cn/gianc/
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POSE can do better than ordering-based methods

Theorem 1. For any objective and any size, POSE within O(n* logn) expected running time can find a
solution weakly dominating that generated by OSE at the fixed size.

Theorem 2. For Example 13.1, OSE using Eq. (13.2) finds a solution with objective vector (< 0,< —3)

where the two equalities never hold simultaneously, whereas POSE finds a solution with objective vector
(0, —3) in O(n*logn) expected running time.

POSE can do better than single-objective optimization-based methods

Theorem 3. For Example 13.2, OSE using Eq. (13.2) finds the optimal solution in|0O (n?)
whereas the running time of SOSE is at least| 2*(™)|with probability 1 — 27M),

running time,

time

A 202(n)

The first evolutionary learning algorithm with theoretical guarantee! ,
0(n*)

> N

[Qian, Yu and Zhou, AAAI 2015]

http://www.lamda.nju.edu.cn/gianc/
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Pruning bagging base learners with size 100 Comparison on test error
baseline methods ordering-based methods single-objective optimization-based methods
< <
\= TESTEW\ \ previous EA without

Data set POSE | Bagaing BI | RE Kappa CP MDD DEREP | EA .

australian 44020 | 1434017 524023« | (144020 Jd431+.021 A454+.022 d48+.022 A444019 J43.020 theoretical guarantee

breast-cancer 275041 | 2794037 208+ 044w | 2774031 2RTE£.037 2824043 2954044 2754036 2754032

disorders S04£.039 | 3274047 | 365047 | 320044 3261.042e 3064039 37035 316045 A7+ (46w

heart-statlog 197£.037 .

house-votes (RS POSE achieves the smallest error on 60% (12/20) of the data

1onospnere . .

kr-vs-k A10£.003 1 o

ki-vs-kp A0£003 | sets, while other methods are no more than 35% (7/20) POSE is never

letter-br Ad6E008 | 059+.015e | A78+.012e | AdE+.012 484014 0484+012 057+014e 048009 | 053+011e . f I

letter-o 43009 - signiticantly worse

optdigits isx06 | POSE is better than any other method on more than 60% & y

satimage-12v37 | .028L.004

satimage-2v5 021007 (12.5/20) data sets

sick 0154003
sonar 248+.056 | 2664052 | 310£.051e | 267+£.053¢ 2494059 2504048  268+.055e 257056 | 2514041 :
spambase 065,006 | 068+.007e | .093+.008e | .066+.006  .066+.006 .066006  .068+007e .065+006 | .066+.006 ® and o denote that POSE is
tic-tac-toe 316027 | .1644.028e | 2124028 | .1354.026 1324023 1324026 .145+£.022e  .1294.026 | .1384.020 significantly better and worse,
vehicle-bo-vs 2244023 | 2284.026 | 2574+.025e | 2264.022  233+.024e  234+.024e  244+.024e  234+.026e | 2304024 respectively, by the t-test with
vehicle-b-v 018011 | .027£014e | .024+£.0130 | .020£011  019+£012 0204011  .021+£011e .019+£013 | .026+.013e  confidence level 0.05
vote 0444018 | 047018 | 046016 | 0444017  .041£016 0431016 0452014 0434019 | .045+.015
count of the best 12 2 0 2 7 1 0 5 5

POSE: count of direct win 17 20 15.5 12.5 17 20 12.5 15.5

[Qian, Yu and Zhou, AAAI 2015] http://www.lamda.nju.edu.cn/gianc/
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Pruning bagging base learners with size 100 Comparison on ensemble size
ordering-based methods single-objective optimization-based methods
<. -
" Enw® ize N . .
Data set POSE L_RE Kappa CP MD DREP | EA prewou_s EA without
australian 106242 | 125460  147:12.6 11097 RSL148 117547 | 319x67e  theoretical guarantee
breast-cancer B.4+3.5 8 ?:I:’s 6 "6 I:I:QI ?o 8. B:I:I’} ’s 7.81+15.2 9 ’}:I:?: ? 44.64+6.6e
disorders 147442 R e At esanma [aa s
heart-statlog 93:23 | POSE achieves the smallest size on 60% (12/20)
house-votes 2.9+1.7
o iaire | of the data sets, while other methods are no
letter-ah 5.0+£1.9 (o) . . .
leter-br wos2g | More than 15% (3/20) POSE is never significantly
letter-oq 120437 | 136458 139460 123449  23.0+15.6e 137449 | 393482 ft |
optdigits 22.7+3.1 . WwWorse, exce WO |I0SSeS
saimage-12v57 | [ERECER POSE is better than any other method on at r; | bp
Sfltll'll'dgt".‘— V. b . On Ve IC e— O—VS
sick 69428 least 80% (16/20) data sets
s0nar d )
spambase 17.544.5 | 185450 200481  19.049.9  288+17.0e 167446 | 39.7+6.4e
tic-tac-toe 145438 | 161454 174465 154463  28.04226e 13.6+3.4 | 39.8+8.2e e and o denote that POSE is significantly
vehicle-bo-vs 16.544.5 | 157457 165482 21.64+20.4 41.945.6e better and worse, respectively, by the t-
vehicle-b-v 28+1.1 34421 454160  53+14 2.8+3.8 40£39 | 48.045.6e , -
vote 27411 | 32427 5.042.60  54+52e 60498 3.942.5e | 47.846.1e test with confidence level 0.05
count of the best 12 2 0 2 3 3 0
POSE count of direct win 17 19.5 18 17.5 16 20

[Qian, Yu and Zhou, AAAI 2015] http://www.lamda.nju.edu.cn/gianc/



Subset Selection

There are many other applications of selecting a good subset from a ground set

observation variables
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predictor variable

Sparse regression

a subset of observation variables
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There are many other applications of selecting a good subset from a ground set

Influential users

8%, Influence maximization m
lickflickea

m .

Ka‘hg&elten 'ii_n}ié[ﬂ 3

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



LAVIDA

Learning And Mining from DatA

S U b Set S e | eCti O n http://www.lamda.nju.edu.cn

There are many other applications of selecting a good subset from a ground set

Sparse regression Influence maximization Document summarization Sensor placement
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max f(S)
Ground set V ;@
S| < b

Subset Selection: Given all items V = {vy, ..., v,}, an objective function f: 2" - R
and a budget b, to select a subset S € V such that

maxscy f(S) s.t. |S|<bh NP-hard

http://www.lamda.nju.edu.cn/gianc/
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Introduce the Pareto optimization algorithm for subset selection (POSS)

Constrained Transformation Bi-objective

maxscy f(S) s.t. |S|<b |$ mingcy (—f(5),|S])
-

Algorithm 14.2 POSS Algorithm

Input: V = {vi,vs2,..., v, }; objective function f : {0,1}" — R; budget b € [n] Initialization: pUt the SDECia| solution On into the 7
Parameter: number T of iterations; isolation function 7 : {0,1}" — R :
Output: solution s € {0,1}" with |s|; < b pOpU|atlon P
Process: . . .
T leta =0 and P= (o], Reproduction: pick a solution randomly from P, | MOEA
2: lett =0 d tate it t t
X and mutate It to generate a new one
3: whilet < T do
4:  select a solution s from P uniformly at random; . . . . .
5. _apply bit-wise mutation on s to generate s’ Evaluation & selection: if the new solution is not
6: iffz € PsuchthatI(z)=1I(s")and z - s’ then / . P :
7 Q={zcP|l(z)=I(a) A8 2} dominated, put it into P and delete bad solutions _
8 P=(P\Q)uU{s'}
9: endif @
10: t=t+1 . .
11: end while Output: select the best feasible solution
12: return arg max.cp,|s|,<b f1(8)

[Qian, Yu and Zhou, NIPS 2015] http://www.lamda.nju.edu.cn/gianc/
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Theoretical Results

POSS can achieve the optimal polynomial-time approximation guarantee/, Hiterations

Theorem 14.1. For subset selection with monotone|objective functions, POSS with(E[T] < 2eb?n|and
f(s) = (1 — e Ymin) . OPT,

I1(-) = 0, i.e., a constant function, can find a solition s with |s|{ < b and
where Ymin = MiNsish=b-1Vsh: yg o1 c vt £(5) < £(T) /
Proved to be the optimal polynomial-time approximation [Harshaw et al., ICML 19]

D. Kempe Previously obtained by the greedy algorithm

Prof., USC [Das and Kempe, ICML'11] . N
General Chair of Remark: Approximation guarantee
STOC’18 implies worst-case performance

ICML 11 Distinguished Paper Award

In practice, POSS can do better than the greedy algorithm by escaping from local optima
POSS|using E[T] = O(b%*(n — b)nlogn)
greedy algorithm cannot.

Theorem 14.2. For the Exponential Decay subclass of sparse regression,
and I(s € {0,1}") = min{i | s; = 1}|can find an optimal solution, while the

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

[Qian, Yu and Zhou, NIPS 2015]



Empirical Results

Comparison on
sparse regression
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.t S| <bh
Var(z) > IS <

POSS is always
significantly better

exhaustive search greedy algorithms relaxation methods
Data set | OPT | POSS [ TR FoBa OMP REE | [ MCP]
housing T437+.0297 | .7437E.0297 | .7429+.0300e .7423L.0301e .7415+.0300e .7385+.0304e | .7354+.0297e
eunite2001 | .8484+.0132 | .84824.0132 | .8348+.0143e 84424+ 0l44e .8349+.0150e .84244.0153e | .83204.0150e
svmguide3 | .2705+£.0255 | .2701£.0257 | .2615+£.0260e .2601+.0279e .2557+.0270e .2136+.0325e | .2397+.0237e
ionosphere | .59954.0326 | .59904.0329 | .5920+.0352e .5929+.0346e .59214.0353e .5832+.0415e | .5740+.0348e
sonar - 53654.0410 | .51714.0440e  .51384.0432e  .51124.0425e  43214.0636e | 4496404826
triazines _ 4301£.0603 | .41504.0592e .4107+.06008 .40734.0591e .3615+.0712e | .37934.0584e
coil2000 _ 0627+.0076 | .0624+.00768  .0619+.0075e .0619+.0075e .0363+.0141e | .05704+.0075e
mushrooms - 99124.0020 | .99094+.0021e  .9909+.0022¢  .99094.0022e .68134.1294e | .86524.0474e
cleanl _ 43684+.0300 | .41694.0299e  .41454+.0309¢ .41324.0315 .15964.0562e | .35634.0364e
wS5a _ 3376+.0267 | .33194.0247Te  .33414.0258e .3313+.0246e .33424+.0276e | .26944.0385e
gisette _ 72654+.0098 | .7001+.01168 .6747+.0145¢ .67314.0134e  .5360+.0318e | .57094+.0123e
farm-ads - 421740100 | .4196+.010le .4170+.0113e .4170+.0113e _ 377140110
POSS: win/tie/10ss Z 127000 127070 127000 17070 12/000

e denotes that POSS is significantly better by the t-test with confidence level 0.05

[Qian, Yu and Zhou, NIPS 2015]
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Previous analyses assume that the objective function can be evaluated exactly

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

—
observation variables predictor variable a subset of observation variables
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« Computing the R? objective is very expensive * Computing the influence spread objective is #P-hard
* Estimation by using a set of limited data brings noise | * Estimation by simulating random diffusion brings noise
L

Consider a general noise model: (1 —¢€)-f(S) <f*S) <1 +¢€):f(S)

http://www.lamda.nju.edu.cn/gianc/
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Inspired by the robustness of threshold selection against noise

accepts an offspring solution only if its fitness becomes better by at least T é"‘
reduce the risk of R
n > n Y n > n ! > [ T
f$) 2 FS) ® fr8) 2 1S+ deleting a good solution — }

True fitne>ss

Introduce the Pareto optimization algorithm for noisy subset selection (PONSS)

Algorithm 14.2 POSS Algorithm

Input: V = {v1,v2,...,v.}; objective function f : {0,1}" — R; budget b  [n]
Parameter: number T of iterations; isolation function I : {0,1}" —+ R
Output: solution s € {0, 1}" with |s]; < b

e and P (o, POSS PONSS

2: lett =0;

modifies the domination-based comparison of POSS

3: whilet < T do

1+6
: lect a soluti from P uniformly at random; n n ! n n !
S o s mtamon s o et P { f(S) = (S $ s 5 o125 f"()

5
6: ifflz € Psuchthatl(z) = I(s') and z ~ s'|then
?.
8

I sl e IST= 157 NESN
9. endif
10: f=f.+l
ié :;c:l:fli?gmaxsep,shgbfl(a) 0 E [0,1)

[Qian, Shi, Yu, Tang and Zhou, NIPS 2017] http://www.lamda.nju.edu.cn/qgianc/
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Approximation ratio under noise

Theorem 16.1. For subset selection under multiplicative noise with the assumption Eq. (17.29), with
probability at least (1/2)(1 — (12nb? log 2b)/1?%), PONSS with 8 > € and T = 2elnb?log 2b finds a
solution s with |s|{ < b and f(s) = E (1—e77)-O0OPT.

PONSS (S - 1—¢€ (1— ) Significantly better approximation ratio
OPT = 1+ev © 7 "
PONSS: (1)

G rQEdy [Horel and Singer, NIPS’16] W Q(]_/b)
G ‘. E _ b .

S Y. Singer ) > 1 1 — 1-¢ o~V > b

B | Gordon McKay OPT — 1+ 2€eb 1+¢€

ﬁr:a Prof., Harvard (1—-¢e)y constant y and €

EAs achieve better approximation guarantees than conventional algorithms

[Qian, Shi, Yu, Tang and Zhou, NIPS 2017] http://www.lamda.nju.edu.cn/qgianc/



Large-scale Subset Selection

The applications of subset
selection are often large-scale

Distributed

PONSS

Data

Split

Millions of variables

data 1

datam

Millions of social network users
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»i| solution % pick a a new -
oy —a solution solution
a Single machine
PONSS N
. % - 5 - Sm+1
o e’ solution = pick a a new N
(&) {0}" S solution solution
* = <y
[=
Single machine P O N SS
a,
=
solution 3 pick a a new h b 1 f 1
oot = Jicka 2new Output the subset satistying
- | U1 < }
PONSS s, argmaxg (f(S)|1<i<m+1

0.90
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Empirical Results

0.997 100, 1.00 0.995

0.9880.087[ |22
((XID))
2 3 4 5 T 8 ] 10
#machines

very close to the

centralized algorithm

[Qian, IEEE Trans. Evolutionary Computation 2020]

http://www.lamda.nju.edu.cn/gianc/
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How about the performance of POSS under dynamic environments?

Ground set high “quality” & “diversity”

B ( SubsetSCcV
V ={vq, ..., v} S| < b v
es
Result Diversification arg maxycy @+ A - s.t. |S| <D
quality diversity
1| A Borodin Open problem: When the objective changes dynamically,

- =4q Prof, Univ.of Toronto | jg jt possible to maintain the (1/2)-approximation ratio in
AN Member of the Royal

© Society of Canada polynomial running time? [Borodin et al., PODS’12]

[Qian, Liu and Zhou, Artificial Intelligence 2022] http://www.lamda.nju.edu.cn/qgianc/
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dIntroduction
A Theoretical analysis tools for MOEAs
dTheoretical perspectives of MOEASs
» Recombination operator, constrained optimization, noisy optimization

J Multi-objective evolutionary learning algorithms

» Selective ensemble, subset selection

J Conclusion

http://www.lamda.nju.edu.cn/gianc/
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Can we build theoretical foundation of multi-objective evolutionary learning?

Yes

Part I: Analysis Methodology

Propose a general theoretical analysis tool, i.e., switch analysis, for MOEAs

N

Part Il: Theoretical Perspectives

Derive theoretical results of MOEAs about operators, constraints and noise

X\

Part lll: Learning Algorithms

Develop theoretically grounded multi-objective evolutionary learning algorithms

http://www.lamda.nju.edu.cn/gianc/
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Zhi-Hua Zhou, Yang Yu, Chao Qian

M Cotutionary Learning:
Learning Advances in Theories and
o ko Algorithms

and Algorithms

Zhi-Hua Zhou - Yang Yu - Chao Qian

EBie 58 HE

* Presents theoretical results for evolutionary learning
* Provides general theoretical tools for analysing evolutionary algorithms

* Proposes evolutionary learning algorithms with provable theoretical
guarantees

o :
[ em i g AL

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



