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e INtroductory Example

: The Knapsack Problem re@gs

weight =750g || weight = 15009
profit =5 profit =8

weight =300g | |weight =1000g
profit =7 profit =3

Single objective:

choose subset that
*maximizes overall profit
=w.r.t. a weight limit

Multiobjective:

choose subset that
*maximizes overall profit
*minimizes overall weight
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The Trade-off Front

Observations:
A some soluti
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© there is no single optimal solution, but

ons (9) are better than others (Q)
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Observations: @ there is no single optimal solution, but
® some solutions (@) are better than others (Q)
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B The Trade-off Front

Observations: @ there is no single optimal solution, but
® some solutions (@) are better than others (9)
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e Decision Making: Selecting a Solution ~=%&z

Approaches: * profit more important than cost (ranking)
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~me - Decision Making: Selecting a Solution ~=%a2

Approaches: = profit more important than cost (ranking)
= weight must not exceed 2400g (constraint)

profit Q
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15 ° @
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When to Make the Decision

Before Optimization:
-

ranks objectives;———»
defines constraints,...

1
196,

(green) solution |

\ searches for one| °i

iy o
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When to Make the Decision

Before Optimization:
-

ranks objectives,J‘E

J defines constraints,...

When to Make the Decision T 40

Before Optimization:
[ )

ranks objectives,J;

defines constraints,...

!
i .fJ ]

searches for one
(green) solution

iy e

After Optimization:

.-, .
° °
searches for a setof | o
(green) solutions - >—

Ve

l- selects one solution +>—

considering constraints, etc.

W

~ decision making often easier
-+ EAs well suited
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1. Introduction: Why multiple objectives make a difference

2. Basic Principles: Terms you need to know

3. Algorithm Design: Do it yourself

4. Performance Assessment: Once upon a time

5. Applications Domains: Where EMO is useful

6. Further Information: What else
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B The Concept of Pareto Optimality

Maximize (y1, Yz, ..., Yx) = f(X1, X2, ..., Xn)

y2 y2

" Pareto optimal = not dominated

° o
o) better o i
Qe Qe
ncomparabl Q. 0, dominated
'.. Q '.'
Q Q ke Q o
worse incomparablé,
Q o L
y1 1

Pareto(-optimal) set = set of all Pareto-optimal solutions

GECCO 2005

T Total and Partial Orders

Pareto dominance = @ not worse in all objectives
® better in at least one objective

Single objective: )
dominates

Q_Q_Q._Q._O._Q optimum  totally ordered

Multiple objectives:

QF\W\

N

optima

partially ordered

Note: other definitions of dominance possible...

GECCO 2005

Decision and Objective Space

Pareto set 9  Pareto front
non-optimal decision vector ®  non-optimal objective vector

Xz decision y2 objective

(X1, X2, ..., Xn) - f — (Y1, Y2, ooy YK)

1

search evaluation

GECCO 2005

e Pareto Set Approximations

Pareto set approximation (algorithm outcome) =
set of incomparable solutions

performance AU is weakly better than UBE

= not worse in all objectives
and sets not equal

0@ is better than D
= better in at least one objective

AU is strictly better than EGB
= better in all objectives

: BB is incomparable to IG)
cheapness = neither set weakly better
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What Is the Optimization Goal?

= Find all Pareto-optimal solutions?

= Impossible in continuous search spaces
» How should the decision maker handle 10000 solutions?

» Find a representative subset of the Pareto set?

» Many problems are NP-hard
> What does representative actually mean?

* Find a good approximation of the Pareto set?

» What is a good approximation?
> How to formalize intuitive
understanding:
© close to the Pareto front
® well distributed

© Eckart Zitzler

Preference Information

Preference information (here) = any additional information
that refines the dominance relation on approximation sets
(partial order — total order)

Example:

optimization goal

maximize size S of
dominated objective space

Note: every algorithm implicitly or explicitly makes assumptions
about the decision maker’s preferences
(limited memory, selection)
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Qutline

Introduction: Why multiple objectives make a difference

Basic Principles: Terms you need to know

Algorithm Design: Do it yourself

Performance Assessment: Once upon a time
Applications Domains: Where EMO is useful

Further Information: What else
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Design Choices

representation fitness assignment mating selection

.............. '...
parameters O ;

environmental selection variation operators
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Ranking Solutions

aggregation-based criterion-based dominance-based

weighted sum VEGA SPEA2
)f\ ¥ ¥
\/ /‘\\ ®
N /\ H
Q . /\ o
Gl N el e
\\//)\ e,
o °72 /\ o * e
N oA
N
Q \',k Q
y1 y1

set-oriented
scaling-independent

parameter-oriented
scaling-dependent
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Example: VEGA

select shuffle [Schaffer 1985]

according to

Aggregation-Based Ranking ron 6
) parameters .
multiple single
objectives l objective

(Y1, Y2, ..., yg—| transformation ——vy

¥z Example: weighting approach

\/‘>\\ (w1, Wa, ..., Wk)
/‘///\\\ |

\\///\‘ Y = Wiyi .t Whyk

Q NG Note: weights need to be varied
during the run...

f

1 Tl
f, T,
fa T,

M M’
fis Tea
fi T,
population k separate selections mating pool
Example: Weighted Sum S

Aggregation

Xy X, X,
0.75f, + 0.25 f, 0.5f, +0.5f, 0.25f, +0.75 f,
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Example: Multistart Constraint Method

crizien Example: Multistart Constraint Method Tl o 40
Underlying concept: Underlying concept:

= Convert all objectives except of one into constraints = Convert all objectives except of one into constraints

= Adaptively vary constraints

= Adaptively vary constraints
Y2

maximize f; y2
—l

maximize f;
—

feasible region T
feasible regionT L y constraint
1
constraint p————————————

y1

© Eckart Zitzler
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Example: Multistart Constraint Method

© Eckart Zitzler
Tutorial on EMO
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Example: Multistart Constraint Method (Cont’d)weigs

Tutorial on EMO

Underlying concept:

Extension to n objectives: ECEA [Laumanns et al. 2004]
= Convert all objectives except of one into constraints « f, is the objective to optimize
= Adaptively vary constraints * The boxes are defined by constraints on f, and f;
5 — (—o¢, 2,4, %)
e maximize f; L
—

opt( f,(5,4], (0, 20)) = null

€3

opt(f, (5,2), (00, 4)) = nul

€3

feasible region T
constraint

opt( f,(5,i—20), (0,2)) = (3

() = (7,4,1)

fa

€22 €23 ea=(—00,3,5 00}
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Types of information:
* dominance rank

+« dominance count

* dominance depth

Examples:

* MOGA, NPGA
* NSGA/NSGA-II
e SPEA/SPEA2

Dominance-Based Ranking

by how many individuals is an
individual dominated?

how many individuals does an
individual dominate?

at which front is an individual
located?

dominance rank
dominance depth
dominance count + rank

GECCO 2005
Tutorial on EMO
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Example: MOGA and SPEA2

GECCO 2005
Tutorial on EMO

Y MOGA ¥ SPEA2
[Fonseca, Fleming 1993] [Zitzler et al. 2002]
< 0 QO
1 2 %
o 0 @ . 0
............ 0 ‘O 0
o) 4 Q.
Q™ o -
Q Q Q 4430
3 1 2+1+4+3+2
Q Q4+3+2
y1 y1
R (raw fitness) = S (strength) =
#dominating solutions #dominated solutions
R (raw fitness) =
> strengths of dominators
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ranks

© 0N O A~ WN P

W N NN PP

pure dominance rank

Refining Rankings

refined ranking

GECCO 2005
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© density information based
on Euclidean distance

0.245
0.311
0.329

no selection pressure

within equivalence classes

® modified dominance relation

© Eckart Zitzler
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Density estimation techniques:

Kernel
MOGA

density estimate

Methods Based On Euclidean Distance

Nearest neighbor

SPEA2

density estimate

GECCO 2005
Tutorial on EMO
[Silverman 1986]

Histogram
PAES

density estimate

sum of f values volume of the sphere number of
where fis a defined by the nearest solutions in the
function of the neighbor same box
distance
Q Q
|8
Q Q Q
°
v Lo .
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= Computation Effort Versus Accuracy  ~wss

Two Nearest Neighbor Variants

Objective-Wise Euclidean Distance
NSGA-II SPEA2

faster slower

good for 2 objectives
[Deb et al. 2002]

good for 3 objectives and more
[Zitzler et al. 2002]

GECCO 2005

e The Problem of Deterioration

GECCO 2005

== Refinement of Dominance Relations ==&

Integration of Goals, Priorities, Constraints:
[Fonseca, Fleming 1998]

. X h ] b X
A'is preferable over B & @, ,<v, ) vim, =v)
o w
Alley” £87)Y Wipmr g < Wi peil)

Continuous dominance “relations”: [Zitzler et al. 2003]
I..(A,B) = min, f(A) - (B)

l..(A,B) 20 and I, (B,A) < 0 & A dominates B

(binary additive epsilon quality indicator)

Observation: e : e
A a0 Archive elements after 7=5.000000 ¢ -
The use of Euclidean ol Aschive elemests after =10,000.000
distance can lead to
deterioration )
1300
108 4
00 400 600 00 000 4200 fl
I-‘_ SPEA
200
4008 R .
e,
300 _____’——"'_ H‘-r‘&
-
el | O™ o, "‘:. ]
Knapsack problem s / e,
[Laumanns et al. 2002] = ©/ 3
3200
I:o le e‘w 00 ono |‘w f,
e Example: IBEA o

Question: How to continuous dominance “relations” for
fitness assignment? [Zitzler, Kiinzli 2004]

Given: function | (binary quality indicator) with
A dominates B < I(A, B) <I(B, A)
Idea: measure for “loss in quality” if A is removed

Fitness: /(') = Zw?e}’\{wl} [({1:""}{1:1})

...corresponds to continuous extension of dominance rank
...blurrs influence of dominating and dominated individuals




Example: IBEA (Cont'd)
Fitness assignment: O(n?)

Fitness:  [(a!) = Z eI = )/
x2eP\{xl}
» parameter x is problem- and indicator-dependent

» no additional diversity preservation mechanism

Mating selection: O(n)
» binary tournament selection, fithess values constant

Environmental selection: O(n?)
» iteratively remove individual with lowest fithess
» update fitness values of remaining individuals after each deletion

© Eckart Zitzler

Further Design Aspects

* Constraint handling:
How to integrate constraints into fithess assignment?
= Archiving / environmental selection:
How to keep a good approximation?
* Hybridization:
How to integrate, e.g., local search in a multiobjective EA?
» Preference articulation:
How to focus the search on interesting regions?
= Data structures:
How to support, e.g., fast dominance checks?

© Eckart Zitzler,

e CoONstraint Handling & Multiple Objectives.==az

penalty constraints modified
functions as objectives dominance
Add penalty Introduce extend to
term to additional infeasible
fithess objective(s) solutions
overall constraint | . [Wright,
violation [Michalewicz 1992] Loosemore 2001] [Deb 2001]
constraints [Fonseca
s :
treated ' [Coello 20001 | kiaming 1998
separately

© Eckart Zitzler

Archiving / Environmental Selection  ~=%as

Variant 1: without archive Variant 2: with archive

old population offspring old population offspring archive

°
o
QQ

new

population population

deterministic truncation archive = only nondominated solutions

Additional selection criteria:
»Density information / other preferences
»Time
»Chance

10
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1 Introduction: Why multiple objectives make a difference
2. Basic Principles: Terms you need to know

3. Algorithm Design: Do it yourself

4. Performance Assessment: Once upon a time

5. Applications Domains: Where EMO is useful

6. Further Information: What else

B Once Upon a Time...

... multiobjective EAs were mainly compared visually:

ZDT6 benchmark problem: IBEA, SPEA2, NSGA-II

GECCO 2005
Tutorial on EMO
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e Performance Assessment: Approaches ==&

O Theoretically (by analysis): difficult

= Limit behavior (unlimited run-time resources)
* Running time analysis

® Empirically (by simulation): standard

Problems: randomness, multiple objectives

Issues: quality measures, statistical testing, visualization,
benchmark problems, parameter settings, ...

mwa  TWO Approaches for Empirical Studies

Attainment function approach: Quality indicator approach:

« Applies statistical tests directly = First, reduces each
to the samples of approximation approximation set to a single
sets value of quality

* Gives detailed information « Applies statistical tests to the
about how and where samples of quality values
performance differences occur

A anains Banains

Indicator A B

GECCO 2005
Tutorial on EMO

minimiee

Hypervolume indicator | 6.3431  7.1924

Ry indicator | 0.2434  0.1643
Ry indicator | 0.6454 03475

e-indicator | 1.2080  0.12722

11
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Empirical Attainment Functions

three runs of two multiobjective optimizers

amwm b S ow i
i ' 15 ' 5 ".

. 1 i - . 1 . . ! ' 1] .

' + + . . . .
. . B i . . .
. . . » '
e : o
hae 13 ‘.

L] L]

03

frequency of attaining regions

GECCO 2005

Tutorial on EMO
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50% attainment surface for IBEA, SPEA2, NSGA2 (ZDT6)

Attainment Plots

GECCO 2005
Tutorial on EMO
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Attainment Function Analysis

A Kolmogorov-Smirnov test
examines the maximum
difference between two K5-Teat Comparizon Cumulative Fraction Plot

cumulative distribution functions S -~ - !

A KS-like test can be used to I g
probe differences between the ]J i
empirical attainment functions :
of a pair of optimizers, A and B

D
The null hypothesis is that the 4 :
attainment functionsof Aand B -
are identical o e
i
The alternative hypothesis is ! ; i m
that the distributions differ ' X

somewhere

[Fonseca et al. 2001]

GECCO 2005

Tutorial on EMO

1.35 P “wooa R N,
1.3 e S,
1.25 T o«
1.2 o .
1.as [0 R
oL
YW S
1.2 1.4 1.6 1.8 0 a2
ez Statistical Assessment
ZDT6 Knapsack
+ IBEA - NSGA-II © + IBEA - NSGA-II

= significant difference (p=0)

« IBEA - SPEA2 ©®
= significant difference (p=0)

« SPEA2 — NSGA-II ©
= significant difference (p=0)

= no significant difference

IBEA — SPEA2
= no significant difference

SPEA2 — NSGA-II
= no significant difference

12
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i Quality Indicator Approach

Goal: compare two Pareto set approximations A and B

A B
hypervolume 432.34 420.13
distance 0.3308 0.4532 “ "
diversity 03637 03463 A better
spread 0.3622 0.3601
cardinality 6 5)

Compatison method © = quality measure(s) + Boolean function

quality Boolean

. :
A B _ Mmeasure R function | iatament

reduction interpretation

GECCO 2005

e Example: e-Quality Indicator

Two solutions: Two approximations:

E(a,b) = E(AB) =
max, . g min, . » E(a,b)

maX,«; <, min, € - fi(a) = f,(b)

Unary quality indicator: I(A) = E(A,R) where R is a reference set
[Zitzler et al. 2003]

© Eckart Zitzler s . GECCO 2005
Power of Unary Quality Indicators
Important: compliance with dominance relations [Zitzler et al. 2003]
mdicator | name [ reference Boolean function compatibility | completeness
Tuc yper indicator / Section 11I-B.1 1) < 15 (8) o =i
Io objective vector indicator / Section 111-B.1 1974) < I¥(B) o - -
Ty hypervolume indicator 7 [7] . Tl A) = Tu(B) . opE oL
Ty average best weight combination / [ 19] Tw(A) < Iw(B),° ° [F e
Ip distance from reference set / [20] Tp(A) < In(B)® o o=~
T unary ¢-indicator / Section 111-B.2 Te1 (A) < 13 pB) o 7] © =i
Ipr fraction of Parcto-optimal front covered | [22] Ter{A) = Bpr(B} o 3 . -
Ip number of Pareto points contamed / Section 1-B.2 | Tp(A) » Ip[B] o [ ° -
Ten error ratio / [13] Tea(d] >0 e o ®
Tco chi-square-like deviation indicator / [14] [en(A) < Icn[B) o - ° -
Is spacing / [23] *Is(A) < I5fB) c - 1s -
Towe overall i vector generation / [13] o | Tonig(A) & Iowa(B) || o - le
Isp i distance / [13] o Too(A) ool B) ° le
Tue maximum Pareto front emmor / [ 13] ° Tae(AY < Lue(B) " d
Tus spread / [21] ° TnseA) = Dus(B) 4
Tup minimum distance between fwo solutiens / [24] ToolA) > LuolB)__° o
T coverage error [ [24] ° Toe(A) < Iee(B) o ®
Ty deviation from uniform distribugion / [25] o Tou(A) < Inu(B) ® - N
Tos Pareto spread / [26] o 7 | ToslA) = Tas(B) " e
Ta accuracy | [26] P . TalA) > Ta(B) o T e
Tnoe number of distinct chqifes / [26] ° Tunc({A) > Tnpe(B) N
TeL Cluster 7 [26] ° A Too(A) < I B) o
g g g

strictly better,*”

L] L]
°not weakly better .° not better weakly better

GECCO 2005

oo zter Exam p I e: Box P | ots Tutorial on EMO

epsilon indicator hypervolume R indicator

IBEA NSGA-Il SPEA2 IBEA NSGA-Il SPEA2 IBEA NSGA-Il SPEA2
0.008

0.08 é 0.00014

0.06 0.006 ; Déﬁggéf i
DTLZ2 0.04 ; 0.004 ; g-90008 ==

o o-002 0:63003

= ol —=— . o L mm—
o 2 3 1 2 3 1 2 3

0.6 08 o

0.5 o o
Knapsack o.«

0.3 0.4 0.2

0.2 0.2 01

0.1

1 2 3 1 ) 3 - > S

0.35 0.35 .12
ZDT6 0023 o3z % 02 %

%3 °2 U:UE

PR EAL R Ea .

o] . oot

0 B 2

! ? 3 N 2 3 1 2 3

[Fonseca et al. 2005]
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Example: Box Plots

epsilon indicator hypervolume R indicator

IBEA NSGA2 SPEA2

IBEA NSGA2 SPEA2 IBEA "NSGA2 SPEA2

© Eckart Zitzler GECCO 2005

e Statistical Assessment (Kruskal Test) -e&s

ZDT6 DTLZ2
Epsilon R

is better than is better than

f—> IBEA | NSGA2 SPEA2 f—> IBEA | NSGA2 SPEA2
IBEA 0 @ | @ IBEA 0 @ | @

NSGA2 |1 0 @ NSGA2 |1 1

SPEA2 |1 1 SPEA2 |1 0 @

Overall p-value = 6.22079e-17.
Null hypothesis rejected (alpha 0.05)

Overall p-value = 7.86834e-17.
Null hypothesis rejected (alpha 0.05)

Knapsack/Hypervolume: HO = No significance of any differences

0.08 é X
DTLZ2 o - 9888¢ - -
0.02 _ ——
1 2 3 E * 2 :
0.6 Qs 0.4 o -
0.5 0.6 0.3
Knapsack o.« 0.a i
X . 0.2
Zi 0.2 0.1
0.1 - 5 N 1 2 3 1 2 3
0d2s 0.35 T 0.12
ZDT6 %2 % 0033 + oo %
™ | - - -
v. 05 0.05 0.02
0 n 5 3 o T > 3 0 1 2 3
[Fonseca et al. 2005]
Performance Assessment Tools

CEX

« Reference set & distribution

Ca|Cu|ati0n File Edit ‘iew Favorites Tools Help :,'
[g7) attainment_c_source  [g7) knapsack_linux g7 statistics _linusx
. Attalnment {52 attainment_linux [gknapsack_solaris [go statistics _solaris
fu nCtIOI’l gatta?nment_sn.laris @knanack_win @statistics_win
attainrment_win @monltor_c_source @tests
CalCu |at| on g dtlzz_linux [gmonitar_linus [gtonls_c_source
) (5 dtlz2_solaris (g2 monitor_solaris (g kools_linu::
. |ndlcatOI’S () dtlz2_win (G mnonitar _win [gtonls_solaris
.. (5 dtlz_c_source [gTIinsgaz_c_source [§kools_win
. Statls“cal [glibea_c_source [goinsgaz_linux [gzdes _linux
testing [gibea_linux lgoinsgaz_solaris [g7)zdte_solaris
ibea_solaris nsQaz_win zdbé_win
procedures gihea_win gruns [Dmpute.hat
m:_‘lindicators_c_source @speaz_c_snurce compute. ksh
[gindicators_linusx g speaz_linux ﬁ:j README . Ext
[gindicators_solaris [§speaz_solaris @run.bat
[g)indicators_win (52 speaz _win run.ksh
[ooknapsack_c_source  [f0) statistics_c_source

http://www.tik.ee.ethz.ch/pisa

© Eckart Zitzler
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1. Introduction: Why multiple objectives make a difference
2. Basic Principles: Terms you need to know
3. Algorithm Design: Do it yourself

4. Performance Assessment: Once upon a time

5. Applications Domains: Where EMO is useful

6. Further Information: What else
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Design Space Exploration

GECCO 2005
Tutorial on EMO

Specification I—* Optimization |—~ Evaluation I—*Implementationl

Examples: computer design, biological experiment design, etc.

© Eckart Zitzler

Example

L — TR —

e |
Hliw
:T i
1
= |

GECCO 2005
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Applications

Architecture exploration:
* min. cost

* max. performance

* min. power consumption

[Eisenring, Thiele, Zitzler 2000]

Genetic marker selection:

© Eckart Zitzler

Application: Genetic Programming

Problem: Trees grow rapidly
» Premature convergence
» Overfitting of training data

Common approaches:

» Constraint
(tree size limitation)

= Penalty term
(parsimony pressure)

= Objective ranking
(size post-optimization)

= Structure-based (ADF, etc.)

GECCO 2005
Tutorial on EMO

Multiobjective approach:
Optimize both error and size

.
treersize
5

Keep and optimize small trees
(potential building blocks)

- min- cost G T T R
- | [RIRN EEARIRRINREN
* max. sensitivity e T T T T
N R N
[Hubley, Zitzler, Roach 2003] T A IOTE T o T AP
o Multiobjective GP: Results

Multiobjective approach
(SPEA2) can find

« a correct solution
with higher probability

« a correct solution
slightly faster

* more compact
(correct) solutions

than alternative approaches on
even-parity problem.

[Bleuler et al. 2001]

Percent of Successes
a
g

— spPEAz
Constant Parsimony
Adaptive Parsimon

Standard GP & Two Stage
100 120 140 180 180 200

6 20 40 60 80
Generation

— sPEA2
Canstant Parsimany
350 Adaptive Parsimony
Standard GP
B
200 wo Stage
B 250
3
5200
=’
@150
100
e —
% s 4o e 80 100 120 140 160 180 200
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\ :
SPEA2 i knapsack
NSGA-II >- TSP
| e
- ; g

Platform and programming language independent Interface

The Concept of PISA e

Algorithms Applications

text-based

for Search Algorithms [Bleuler et al.: 2003]

GECCO 2005

PISA: Implementation

variator
process

selector text
process files

application independent: handshake protocol: application dependent:

* mating / environmental « state / action * variation operators
selection « individual IDs « stores and manages
« individuals are . Objective vectors individuals
described .
L arameters
by IDs and objective P
vectors
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PISA
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Contents
About FISA
Ear boginner]
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+ fuailabla o
+Ralevart P
Licensing
Speciicanon

Paopls and ¢

ey A e o
detaits

LOTZ - Demonstration Program (mors |

LOTZZ - Leading Oncs Trailing Zeros (mos

Knapsack Problem {mos )

H http:/iwww.tik.ee.ethz.ch/pisa -

DTLEZ - Continuous Test Functions imore )

ECEA - Epsil Evolutionary (more_)
janis. Wincowes. Linus « SourceinC
» Binanes Soians, Wndows. Linux
MLOTZ - Generalization of the LOTZ Problem (more |
IBEA - Indicator onary (mere. )
« Source in
« Binanes. Sclans, VWincows, Linux » Source in

optimization Problems Optimization Algorithms
{variator) & |selector)

SEMO - Demonstration Program {mors |

« Sounce in

« Bunanes Sglang, Windows, Linux

SEMOZ - Simple Evolutionary Multicbjective Optimizer
more )

» Source m
« Binanes S

ER T

« Binanes (incl JRE 1 4 1) Solay weS. Lirar
« Eunanes (pure JAVA, no JRE) All piatfonms

« Source in
- Binanes Solans, Windows, |inu

NSGAZ - Nondominated Sorting Genetic Algerithm 2 (mos |

- Source mn L
= Binanes S

5. i s Linus

» Blinanes Solare, Windowes, Linge
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Tutorial on EMO

© Eckart Zitzler
ETH Zirich P I SA EX al | | p | e 1.199E00000=+004 1.215700000=+004 | EMO

1.211000000 4004 1. 1931000008 1004
1.225600000=+004 1.171000000=+304
. 212800000004
1. 1508000008+005

1.1243000 1.223200000=+004
E n 1 112501000002 4004 1. 167500000 HI05
1.225600000=4004 1.171000000«+004
Maniuor. &<& Mnsgaz.exe 1. 18740 1.3141000008 1004
[Z] monitor_pararn.kxt | [£) nsgaz_documentation.txt parey Tl
nsgaZz_param, kxk 1.2Z310 1. 17I9000008+HI0S
T | [EPrsa_are
. 1. 166100000e+004
Marme =l P1sa_crg 1 1962005000+004
- . 1.241000000e+00%
[iibea_win . PISA_ini 1.181500000e+004 1.2 17500000e+004
Eknapsack_win -F‘ISP._SB| 1.1704000002+004 L.2214000008+00%
)monitor_win PISA sta 1. 1A04OOA0A 4004 1. 2054000008 1004
'g”sgaz—w'” PISA _var knapsack_nsga2.10 [
I runs i TTETomeET

= Do SO knapsack_ibea, 10 : [rees

IChzdta_win File Folder : .
knapsack_ibea. bt variator: knapsack [rocs
knapsack_nsgaz.10 Selecwrf n?gaz [oos
knapsack_nsga2.txt generation: 10 oo
L ' all runs [raod

zdts_ibea, 10

zdte_ibea.bxt
zdt6_nsgaz. 10
zdtE_nsgaz.bxk

1.174600000=+004 1.Z45500000=+004
1. 1204000008 +I0%
1.181700000=4004

1. 2800000 +HINE
1.234200000=+004
L. 2533000008004
1.316000000e+004
1. 2247000004004
1. 130800000e+I0%

o The EMO Community

Links:

= EMO mailing list:
http://w3.ualg.pt/lists/emo-list/

* EMO bibliography:
http://www.lania.mx/~ccoello/EMOO/

Events:

= Conference on Evolutionary Multi-Criterion Optimization
(EMO 2007 to be held in Japan)

Books:

* Multi-Objective Optimization using Evolutionary Algorithms
Kalyanmoy Deb, Wiley, 2001

+ Evolutionary Algorithms for Solving Multi Evolutionary Algorithms for
Solving Multi-Objective Problems Objective Problems, Carlos A. Coello
Coello, David A. Van Veldhuizen & Gary B. Lamont, Kluwer, 2002

© Eckart Zitzler
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