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Outline

- Multi-objective optimizationdefinitions problems
etc

A unified viewof multi-objective metaheuristics
» Landscapeandperformancanalysis

« Software frameworkor multi-objective
optimization: ParadiseEMOEQO
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Multiobjective Optimization Problem (MOP)

«min» f(x) = (f;(x), f5(x), ..., f,(X))
(MOP) = s.t. x€X

* N 2 2 objective functions (f1, 12, ..., fn)
e X € X is a decision vector

« X is the feasible set in the decision space

 Z is the feasible set in the objective space




Pareto dominance [pareto 1896]

An objective vector z € Z dominates an objective vector z' € Z iff
"1€{1,...,n},z, ¢ zZ
$€{1,...n}, z <z

Non-dominated solution
(eligible, efficient, non
inferior, Pareto optimal)




Multi-objective Optimization Problem (MOP)
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X: decision space



Multi-objective optimization problems

« Academic problems
Continuous optimization: ZDT, CTP, DTLZ,
Combinatorial optimization problems
Polynomially problems (assignment, spanning tree, shortest path)
NP-hard problems (TSP, QAP, knapsack, routing, scheduling)

* Real-life applications
Engineering design
Environment and energetics
Telecommunications
Control
Bioinformatics and computational biology
Transportation and logistics




Resolution Approaches

Multiobjective optimization as a part of the decision making process:

A priori
A Decision Maker (DM) before the resolution process

A posteriori
A Decision Maker (DM) after the resolution process

Interactive
A Decision Maker (DM) during the resolution process

a priori references
knoSVIedge - om [P = solver > results

acquired knowledge




Resolution Methodologies

resolution
methodologies

exact

methods methods

approximate

heuristics approximation
methods

problem-specific metaheuristics
heuristics

single solution population

 Exact Methods

Problems of small size or
specific structure

 Metaheuristics

Find a good approximation of
the efficient set (or Pareto
front)

Metaheuristics able to find
multiple non-dominated
solutions in a single run




What is a Good Approximation?

Approximating an efficient set is itself a bi-objective problem

 Min the distance to the Pareto front
C well-converged efficient set approximation

« Max the diversity in the objective space (and/or decision space)
C well-diversified efficient set approximation

f, 4 — Pareto front
e Approximation

> > >
well-converged  f; well -diversified  f; well-converged f;

AND
well -diversified




Genealogy of Metaheuristics
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The number of multi-objective metaheuristics Is
growing exponentially !

- Very active research in the last two decades

- For each metaheuristic (e.g. EA, PSO, LS, TS, SA, ACO) :
- Hundreds of different designs
- Hundreds of different implementations

- Give you the Catalog of the proposed algorithms : | don't like it
- May be bigger than a dictionary

- May have:
- MO Evolutionary Algorithm 1 # MO Evolutionary Algorithm 2
- MO Evolutionary Algorithm = MO Scatter Search 1 = MO PSO 1
- MO Local Search 1 # MO Local Search 2
- MO lIterated Local Search = MO GRASP




Just some algorithms: Compare with all those

algorithms !
WBGA COMPETants
MACS  MO-CMA-ES MOMGA
MOSS PAES
PESA PESA2  MODE Mos>. | RDGA
NPGA MO-PACO  MOPSO mMoRBC
- MOTS E-MOEA
I\/I|cro-G,:\/IOGP MIDEAIBMOLSNSGA
VONACO MOACO pis1 plLSo NSGAI|
SPEA  SPEA2
MOEA TAPaS MOSA
RM-MEDA SACO SSPMO NPGA
FASTPGA  SEEA ACOAMO MOGA  DMLS
MEA IBEA
MOES  ANT-0 PACO MOLS MOSA-2
MOAQ DMOEA noea.p RWGA  MOACOM
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Motivations

C A unified view

» Design and Implementation

problem-dependent
Multi -objective -specific
metaheuristic -specific

* Fine-grained decomposition of
search mechanisms

« Common terminology and
classification

A Comparison of approaches
(experimental analysis)

A New approaches

design

metaheuristics for

multiobjective optimization

Population Single solution

based based
implementation |
ParadisEGMOEO
application ;

Combinatorial and continuous MOFR




A unified design view
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Development process of a multi-objective
metaheuristic

Design conceptis for
metaheuristics
Representation

Constraint handling
Operators, and so on

v

Design concepts for

multiobjective metaheuristics
Landscape analysis i )
Parameter tuning > Fitness assignment
Performance evaluation Diversity preserving
Elitism

v

Implementation of a
multiobjective metaheuristic

- From scratch or no reuse

- Code reuse

- Design and code reuse (e.q., software
framework ParadisEO-MOEQ)

‘ R\FOCJISGO




Design issues of multi-objective metaheuristics

* Fitness assignment

A Guide the search towards Pareto optimal solutions for a better
convergence.

« Diversity preserving

A Generate a diverse set of Pareto solutions in the objective space and/or
the decision space.

e Elitism:
A Preservation and use of elite solutions.

A Allows a robust, fast and a monotically improving performance of a
metaheuristic




Fithess Assignment

« Scalar approaches
Transformation to mono-objective problem(s)

* Criterion-based approaches
Each objective is treated separately

« Dominance-based approaches
The concept of dominance is used

* Indicator-based approaches
Use performance indicators to drive the search




Scalar approaches

» Aggregation methods flz) = Zi filz), z €S

» Weighted metrics (MOP(\.2) { min(X7_, Al (z) — 2 P)3
‘ s.c. TS

» Goal programming [ min(377_; Ad;

_ a.c. filx) —5 < %;, 7 in[l,n]
e g-constraint approach (MCOP(z)){ &; = 0,7 in[l.n]
re S

 Achievement functions

Y

(MOP(), 2)) { min maz;eq g w; (£(2) =75)] + p 35 (fi(2) =)
s.c. T €85
(1.16)
[ min «
« Goal attainment s.c. 1€ S
filz) < z#4;+ak;, i=1,..n
' E?:l }‘i" =1

.




Aggregation Metaheuristics

» Weights: Static, Multiple, Dynamic, Adaptive

» Genetic algorithms [Hajela et Lin 92]
Individual representation: solution + A
Goal: generating various Pareto solutions

» Simulated annealing [Serafini 92]
Acceptance probability

* Tabu search [Dahl et al. 95]

* Hybrid metaheuristics [Talbi 98]
Greedy algorithm + Simulated annealing [Tuyttens 98]
Genetic algorithm (Local search) [Ishibuchi et Murata 98]
Selection with different weights
Local search on the produced individual (same weights)




Criterion-based Approaches: Sequential

» Sequential approackibjectives are handled in sequential
 Lexicographic selectio(priority order)

» Tabu search, Genetic algorithiif®urman 85]

* Evolutionary strategies Kur sawe 9117,

b 2

Step 1: fl minimizaton —— =
Step 1: 1 minimization ------- -




Criterion-based Approaches: Parallel

 Parallel approach: Objectives are handled in parallel
- Parallel selection (VEGA) [Schaffer 85]

obj. 1 ~*| sub-population 1
population > »| population
obj. n ~ sub-population n
selection / reproduction crossover / mutation

« Multi-sexual reproduction [Lis & Eiben 96]
One class per objective
Reproduction (crossover) over several individuals

* Ant colonies (pheromone/objective)

C Tends to ignore compromised solutions




Dominance-based Approaches

* Dominance relation used during the fithess
assignment process:

APareto dominance

« Weak dominance
e Strict dominance
o g-dominance [Helbig & Pateva 1994]

* g-dominance [Molina et al. 2009]
Guided domination
 Fuzzy dominance




Fithess assignment: Pareto ranking

« Pareto-based fitness assignment strategies
Dominance rank (e.g. used in MOGA)
Number of solutions which dominates the solution
Dominance depth (e.g. used in NSGA and NSGA-II)

Dominance count (e.g. combined with dominance rank
In SPEA and SPEA?2)

Number of solutions dominated by the solution

f /> %
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Dominance count

Dominance rank

Dominance depth



Indicator-Based Fithess Assignment

[Zitzler & Klnzli 04]
Solutions compared on the basis of a binary quality indicator |

Fitness (A) = usefulness of A according to the optimization goal (1)
arg minaczal(A, R)

where (! represents the space of all efficient set approximations.

Examples of binary quality indicators:
A A

/ I(B,A) >0




Multiobjective optimization methods

Preferences m

A prrory Interactive A posierors

Resolution algorithms

Exact Approximate
ispecific, approximation, metaheuristics)

Branch and Diynamic A* Constraint Resolution approaches

X (bound, cut, price) programming  programming

Scalar Criterion based Dominance based Indicator based

7\

Aggregation Weighted Goal  Achievement Goal =-constraint
metrics programming functions  attainment

Farallel Lexicographic
(seguential)




Diversity

Multi-modal optimization: locating every optima of the problem

F(X) +—— Genetic derivation

> X
* Independent iterative executions
» Sequential niching

Iterative execution with a penalization of the optima already
found

» Parallel niching (sharing, crowding)
Only one execution




Diversity: Statistical density estimation

« Kernel methods (sharing) “\<

A Neighborhood of a solution in term of a .
function taking a distance as argument

kernel
» Nearest neighbour techniques

A Distance of a solution to its ki nearest .
neighbour

- Histograms *

A Space divided onto neighbourhoods by
an hypergrid

nearest neighbor

C decision / objective space .




Elitism

* Archive
External set storing non dominated solutions
Update criteria: size, convergence, diversity

* The archive can be involved in the search process:
Elitist selection

Current . Current P
population ‘ el population
(1) (2) (1) Generation of new solutions (1 @)

(2) Update of the archive

(a) Passive elitism (b) Active elitism
Archive as an independent memory Archive participates in the search process

R\rocjis"‘eo




Elitism

* No archive
Current approximation contained in the main population

 Unbounded archive
All nondominated solutions

 Bounded archive
A reasonable number of nondominated solutions

* Fixed-size archive
cf. SPEAZ2 [zitzler et al. 2001]




A Model for Evolutionary Algorithms

Initialization
Main issues |
evaluation
|
- Problem-dependent components fltn|ess
representation, initialization, evaluation, diversity

variation (recombination, mutation) |
replacement

|
archiving

« Multi-objective specific components

fitness assignment, diversity preservation,

archiving y

n
selection

selection, replacement, stopping condition |
variation

» Metaheuristic specific components




EMO Algorithms as Instances of the Model

NSGA-II SPEA2 IBEA SEEA
Components
[Deb et al. 02] [Zitzler et al. 01] [Zitzler and Klnzli 04] | [Liefooghe et al. 10]
fitness dominance- | dom-count + quality
_ T none
assignment depth dom-rank indicator
diversity crowding kih nearest
. . : none none
preservation distance neighbor
archiving none fixed-size none unbounded
archive
binary elitist binary elitist
tournament selection tournament selection
elitist generational elitist generational

replacement

replacement

replacement

replacement

number of
generations

number of
generations

number of

generations

user-defined

‘ R\rodisl‘eo




A Model for Dominance-based Local Search
(DMLS)

Main issues

* Problem dependent components W
representation, initialization, candidate set
evaluation, neighborhood, incremental
evaluation neighborhood

exploration

« Multi-objective specific components /archive
current set

dominance relation, archiving selection

current set

» Metaheuristic specific components

current set selection, neighborhood
exploration, stopping condition




DMLS Algorithms as Instances of the Model

PLS-1 PLS-2 PAES mMoRBC
Components
[Paquete et al. 04] [Talbi et al. 01] [Knowles & Corne00] | [Aguire & Anaka 05]
domm_ance Pareto Pareto Pareto Pareto
relation
o bounded bounded
archiving unbounded unbounded _ _
hypergrid crowding
partial exhaustive partial partial
1 random sol. | all solutions M solutions 1 solution
exhaustive exhaustive partial partial
all all A random 1 dominating
neighbors neighbors neighbors neighbor
natural natural natural

all sol. visited

all sol. visited

user-defined

all sol. visited




Landscapes and Performance Analysis
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Performance indicators

_ o [:Q—R
* Unary / Binary indicators
I:9=x0—N=R

 Known Pareto optimal set / Unknown

« Cardinality, Distance, Volume

« Parameter less / additional parameters: reference point, ideal
point, Nadir point, reference set, ...




Performance indicators: Properties

 Monotonicity
* Objective scale independence

« Computational complexity

* Classification:
Convergence
Diversity (dispersion, extension)
Hybrid
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PO known

» Absolute efficiency (convergence)
Proportion of Pareto solutions within PO*

* Distance (PO*, PO)
Worst distance WD = max(d(PO*, Y)), yl PO

PO* /PO
AE =
PO

d(PO*,
Mean distance |MD = A i ro ( Y)
PO
» Uniformity d(PO*, y) = mln(d(x y)) xi PO*
piv =P d(x.y) a/\f ()‘
MD

‘R\mdié‘éo ‘ 38




PO unknown

* Relative efficiency: number of solutions from A dominated by B

fy

OA

®

o

A. B

ND(A8 B) = A

+ B

®

®

A weakly better than B

f>

B better than A

ND(A8 B) =B
Al ND(A8 B)=F

fy

O

+

®

ND(A8 B) = A
B- ND(A8B), F

<)

)

A strongly better than B fz




PO unknown: Convergence

Contribution: Evaluating the HCH/Z""NV]”"'HN‘H
quality of the solutions from Con{PO/PO2)=
a set towards another one ( ) HCH+”W‘”+HN]H""NVZ”"'HNZ”
ey )
C 5 § POL ¢ W1 L1 N1
° S~
© x  PO2 C W2 L2 N2
d
C 0 C=4
® & W1=4 - N1=1
& W2=0 - N2=1
Ex: if PO1=PO2 then CONT(PO1/PO2) = 0.5 tl Acont(0,X)=0,7
if PO1>PO2 then CONT(PO1/PO2) = 1 ACont(X,0)=0,3

T e

G

Pz
=y

R\rodiseo




PO unknown: Diversity

* Entropy: builds a niche around every solution of

ND(PO, U PO,)=PO*
E(PO,,PO,) : diversity of the solutions of PO, in comparison of those in
the niches of PO*

IF’O*I

_ - 1 . i
EPOPOI g A Rifpo] "Poy

PO1
PO2

O Niches




PO unknown: Hybrid

f2 A

« S-metric / Hypervolume
[Zitzler 99]

Size of the objective space
enclosed by PO* and a
reference point Z'f

Zref




Other indicators

« Generational distance (convergence)

(Euca (minger || F(u) — F(v) |7])'/*
| £|

IED (A, R) =

« Extent (diversity)

L

Teo(A) = (Y (mazawea || filw) — fi(w') )/
=1
« Spread (diversity) |
>eal{w € Al F(u)— F(u') ||> o}

Al — 1

Is =

* E-indicator (convergence)

I (A B)=minpi{vze B.d2' e A 2] —e< z;,V1 <i<n}

‘ R\rocjié“eo




Performance indicators

| Indicator | Goal | Monotone | Complexity | Parameter | [|,Min-Max |
| Contribution | Conv. | Mon. |  O(|AL|R)) | Ref set | [0,1], Max |
| Gen. Dist. | Conv. | No |  O(A||R]) | Ref. set | [0,00), Min |
| e —indicator | Conv. | Mon. | O(n|ALIR) | Ref set | [0,00), Min |
| I, | Conv. | Mon. | O(ALIPO]) | Opt.set | [0,1]Max |
| I.d | Conv. | No | O(ALIPO|) | Opt set | [0,00), Min |
| Spread | Div. | No | O(|A*) | - | [0,1].Min |
| Extent | Div. | No | Of|A?) | - | [0,00), Max |
| B.Entropy | Div. | No | O(|R|+[A]).x™) | Ref setp | [0,1], Max |
| U Entropy | Div. | No |  O((A]x™) | u | [0,1], Max |
| Hypervolume | Hybrid |  Strict | O] A™) | Ref. point | [0,00), Max |

R-metrics ‘ Hybrid ‘ Mon. ‘ O(n.|Al.|AL|R|) ‘ Ref. set ‘ [0, 5¢), Min ‘

Ideal point

R\rodiéeo




Landscapes

How to describe a Pareto front?

» Convexity / Concave Pareto fronts
« Multi-modality and deceptive attractors
* |solated optimum (Flat space)

e Continuous / Discontinuous

 Uniform distribution




Benchmarks: ZDT

¢ Converity versus non-converxity of the Pareto optimal front (ZDTI1 ver-
sus ZDT2).

s [liscontinuities and gaps in the Pareto-optimal front (ZDT1 or ZDT2
versus ZDT3).

o Multiple locally Pareto optimal fronts towards the globally Pareto optimal
front (ZDT1 versus ZDTY).

e [solation and deception of the globally Pareto optimal front (ZDT1 wver-
sus ZDT5).

¢ Non-uniform density of solutions across the Pareto optimal front (ZDT2
versus ZDTE),

H‘ ‘ ‘ ‘ ‘ ‘ R\rocjié“eo




Supported / Non supported

I:-_'I'I'I.ili'l
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Landscapes

Aggregation: supported solutions only

Convexity: Proportion of Pareto solutions belonging to the convex hull

Complexity: O(n.log(n))

> Non-dominated solutions
® Unsupported solutions

< Convex hull
X Dominated solutions




Multi-objectivization

A way to improve solving single-objective optimization
problems

* Objective function decomposition

Several sub-objectives (separate conflicting goals)
Reduce the number of local optima

* Helper objectives

Adding new objectives correlated with the main objective
Break plateaus of the landscape A smooth landscape




Development process of a multi-objective
metaheuristic

Design conceptis for
metaheuristics
Representation

Constraint handling
Operators, and so on

v

Design concepts for

multiobjective metaheuristics
Landscape analysis i )
Parameter tuning > Fitness assignment
Performance evaluation Diversity preserving
Elitism

v

Implementation of a
multiobjective metaheuristic

- From scratch or no reuse

- Code reuse

- Design and code reuse (e.q., software
framework ParadisEO-MOEQ)

‘ R\FOCJISGO




Framework for multi-objective metaheuristics:
ParadiseO

parallel and distributed metaheuristics

l

ParadiseO-PEO

single | | | S
solution-based . ParadisEO| | ParadisEO | < mU“'ObJe(_?U\_/e
Metaheuristics -IViO -Mcieo metaheuristics

(LS, SA, TS, TA, VNS, ILS) ParadisEO-EO

T

population -based metaheuristics
( GA, GP, ES, EDA, PSO, ¢&)

;;g'qﬂ"_*"ﬂ'g

[%FO CJIS('-_"O

http://paradiseo.qgforge.inria.fr




wif ."J_{; s

ParadisgO Rnrqchseo

* Design and code reuse

Conceptual separation between the solution methods and the problem to be
solved

* Flexibility and adaptability
Adding or updating other optimization methods, search mechanisms,
operators, representation...

« Utility
Broad range of methods, components, parallel and distributed models,
hybridization mechanisms...

* Transparent and easy access to performance and robustness
Parallel and hybrid implementation transparent to the hardware platform

 Portabllity
Operating systems: Windows, Linux, MacOS
Material architectures: sequential, parallel, distributed

 Usability and efficiency




Software Frameworks/Librairies for multi-objective

metaheuristics

Framework/

Library Meta Type Metrics Hybrid Parallel Language

ParadisEO S-meta White Many Yes Yes C++
P-meta

TEA EA White No No Yes C++

PISA EA Black Many No No Any

O. BEAGLE EA White No Yes Yes C++

MOMHLib++ EA.LS.SA White Many Yes No C++

MOEA—-Matlab EA Black No No Yes Matlab

MALLBA S-meta White No Yes Yes C++
P-meta

S-meta: S-metaheuristics: P-meta: P-metaheuristics: White: white box software; Black: black box software;
LS: local search; SA: simulated annealing; EA: evolutionary algorithms.




Multi-objective Metaheuristics

Multi-objective problem

/\

Problem -dependent components
A Representation

A Evaluation

A Initialization

A Neighborhood

A Incremental evaluation

A Recombination

A Mutation

(shared by all metaheuristics)

Multiobjective -specific components
- Fitness assignment
- Diversity preservation
- Archiving

(shared by all multi -objective
metaheuristics)




Implementation of an evolutionary algorithm

* Implement a representation

* Implement a population initialization strategy
* Implement a way of evaluating a solution

* Implement suitable variation operators

* Instantiate a fitness assignment strategy

* Instantiate a diversity preservation strategy

* Instantiate a selection strategy

e Instantiate a replacement strategy

* Instantiate an archive management strategy

* Instantiate a continuation strategy

\

A

. Problem -specific
components

> Generic components

Multi-objective
Metaheuristic

J




Implementation

* Implement a representation




Representation

vector-based representation ' ;Objectivevector!
\ 1 :GeneType ]
MBEBVETEED}.I ------

vector of bits

objective vector

std::vector

1 :ObjectiveVectorTraitss
I :0bjectiveVectorType
Ll

N\

L
moeoObjectiveVec tor'l

real-coded obj. values

vector of real values

\ __________

moeoBitVector

mu-aulnt\ﬂectur-l

f

vector of integers

:-:Elb-j ect i-'.re-'ﬂ'acjm-r:

muauﬂaal\mctuﬂ

‘ R\rocjiseo




Implementation

* Implement a population initialization strategy

—

eolnit




Implementation

* Implement a way of evaluating a solution

eoEvalFunc




Implementation

* Implement suitable variation operators




Variation operators

eoOp

J:Eﬁ- K _."I:'EU'T' 1 4!':'50?' 1 J:TE[TT- y

eoMonOp |‘ euﬂ}n-ﬂp-| i eoQuadop | i euﬁe-n-l:;;ﬂ i
mutation binary quadratic other
recombination recombination operators

C variation operators must be embedded to an eoTransform object




Implementation

* Instantiate a fitness assignment strategy




Fithess Assignment

+ :MOEQT 1

moeoFitnessAssignment

dummy JAN

N

T MOEQT 1

scalar approaches

; : MOEQT 1
- -

criterion -based approaches

Y

moeoScalarFitnessAssignment I

« MOEQT 1

moeocAggregationFitnessAssignme nt-r—

; MOEQT 1

indicator -based approaches

M .-

s :MOEQT 1

dominance-based approaches

" MOEQT 4

moeoﬂomr'nanceBasedFitnessAssignr_néﬁ t | “used in MOG;

used in IBE oceolndicatorBasedFitnessAssignment I—

; +MOEQT 1
moeoBinarylndicatorBasedFitnessAssignment

4& ; +MOEQT »

moeoExpBinarylndicatorBasedFitnessAssignment |

A

+ :MOEQT 1
moeoDominance HankFitnessAssigm;l ent | ) NSGA
caan VO CAl

mueuDuminam:eCuuntFitnessAssignment-r /

riweesriused in
moeoDominanceDepthFitnessAssignment | i SPEA2Z2

- === =

y ‘MOEQT

feg\rth(JIEBCE()




Implementation

* Instantiate a diversity preservation strategy




Diversity Assignment

T MOEQT

moeoﬂiversityAssignment-r

=== =

dummy
; MOEDT »

N\

moeoDummyDiversityAssignme nt-i

A

used in SPEA?2
. MOEOT 1

‘///,//”

 : MOEOT 1

moeoSharingDiversityAssignment i

moeoNearestNeighborDiversityAssignment

™ MOEQT 1

. : MOEQT 1

moeoFrontByFrontSharingDiversityAssignme nt-| i

A

used in MOGA & NSGA

moeoCrowdingDiversityAssignment

MOEQT 1

moeoFrontByFrontCrowdingDiversityAssign me |'_|t-| )

\

used in NSGAII

R\FOCJISGO



Implementation

* Instantiate a selection strategy




Selection

eosSelectOne

" MOECT 1

moeoSelec tﬂne-l

deterministic tournament JaN

. tMOEQT 1 " MOEOT 1

mneuDetﬁurnamentSele:tﬂna mn-euﬂan:lum!‘-ale:tﬂna-l

N

random

r----

HHEHTI tMOECQT »

moeoStochTourname ntSelecl:ﬂne moeoSelectOneFrom PupArH:IAn: h-l

/

stochastic tournament

elitist

R\rocjiseo




Implementation

e Instantiate a replacement strategy




Replacement

== =

g CEOT
eoReplacement
, :MOEQT 4
moeoReplacement
one-shot elitist
+ : MOEQT +  MOEQT 1
moeoElitistReplacement moeoGenerationalReplaceme nt-l

]

Foscs generational
j I

moeoEnvironmentalReplacement

/

iterative elitist

R\FOCJISGO




Implementation

* Instantiate an archive management strategy




Archive

=== = -

fEOT

. MOEQT 1

moeoArchive

~ . MOEQT 1

moeoUnboundedArchive

= MOEQT 1

moeoBoundedA n:- h-n:a-| i

"~ MOEQT

- . . -

moeoFixedSizeArchive

. MOEOT 1
moeoSP EAEArthiva-l

‘ R\rocjiseo




Dominance Relation

i :Elb_j ectiveVect u_r:
moeoOhbjectiveVe ctorCompaFa-tEF ------ .
A Odominance
Pareto dominance
N , :Objectivevector) . :Objectivevector)
moeoParetoObjectiveVectorCompa ratur_I moeoEpsilonObjectiveVectorComparator |
weak dominance
A SREERREERT T T
moeoWeakObjectiveVectorCom paratur-i moeoGDominanceObjectiveVectorComparator |
, Objectivevector! g-dominance

moeoStrictObjectiveVectorCompa ratur-|7

/

strict dominance

‘ R\rocjiseo




Implementation

e Instantiate a continuation strategy

eoContinue




Performance Metrics

C Online computation

moeoMetric

TA o Eigz :
1:R 1 'K :
moeoUnaryh'lEt_ﬁ_c] I moeoBinaryﬁi'.e-t;iE |-
7 £
e e hypervolume
JO S '
moeoSolutionUnaryMetﬁc]— e ntro py moeoVectoerVecborBinaryMét}i_c] d |ffe rence
\ A d
L MOETT , ‘MOEQT 1 s+ MOEOT 1
: R : moeoEntrupyM-ei:r-ic- i - muatupervulumeDiIfarancaH-aEr-ic-r
moeoVectorUnaryMetric ——
+ MOEQT 1 + :MOEQT 1
T muaoContrihutionM_aEr_ic_r mnanVal:Vs\faI:EpsilnnBinaryMEErit-I )
; MOEGT s
moeoHypervolumeMetric | i / o /v " MOEGT 1
T Contl‘ibution add|t|Ve & moanvec\rs\fec.ndditivaEpsilonBinaryH-ei-:r?ﬂ‘
multiplicative e
hyperVC)l ume ep silon .mneo\fec\fsvachluItiplicativeEpsilonBinaryMTaEr-icT

R\rocjiseo




General-Purpose EMO Algorithm

¢ MOEOT 1

eoEvalFunc eoTrans form

moeoFitnessA ssignment

. :MOEQOT |

eosél-e::t_r
& MOECT ) )
e =
-~ moeoEasyEA
+operator() (eoPop<MOEQT =)

" MOEOT 1

moeoﬂiversityAssignment

moeoﬂep]‘acement-l

.t MOEOT 1

eoCon tIﬂHE—I




State-of-the-art EMO Algorithms

———
4 EOT

+ : MOEQT 1
moeoEasyEA
i {HOECT ) i {HOEOT )
moeoMOGA moeoSEEA
 MOEOT ] :Tm'EET]
moeoNSGA moeoNSGAl |
I'-:T"Ill]I-EIET-I r. -f"ll]-EﬁT-l
moeoSPEA2 |

* To instantiate a state-of-the-art
multi-objective metaheuristic for a
novel continuous MOP

C The evaluation is the only
component to be implemented




ParadisEO users: some statistiCS (up to Jan 2010)
http://paradiseo.gforge.inria.fr

- More than 10 236 downloads: 91% Academics, 9% Industrials, # App

238 users in the user-list
- France: ECL, EMN, UNSA, LITA, EMSE, ENSMA, ENSIMAG, ENSTA ...

- International: Cornell, Sandia, Lincoln, Waterloo, NanChang, Rome, Magdeburg, Cardiff, Melbourne,

Auckland, Shanghai, Hochiminh, Limerick, Cardiff, Cambridge, Tsinghua, Columbia, Ulster,
Fortaleza, Koc, Clemson, NASA, Minho ...

- Industry : Eurodecision, Thales, Into-Technology-USA, Software Dev. Service-New York, PiloSoft-USA,
Mobinets, ...

34 452 visits
20 257 visitors g
. b
144 countries
3012 cities

Tutorials, Contributions

From Dec 2007




Conclusion

* Unified view of hybrid multi-objective metaheuristics

hybrid metaheuristics

level low-level high-level

mode relay teamwork relay teamwork

» Low-level : Functional composition of a single method.
» High-level : Different methods are setfontained.

* Relay : Pipeline fashion.
« Teamwork : Parallel cooperating agents.




Conclusion

 Unified view of parallel multi-objective metaheuristics

Meta 1

] Meta 2

Meta k

Population,

|Neighborhood, ... |

Solution
(Data or Objective)

AAlgorithm -Level : Cooperative self
contained metaheuristics: Problem
independent

Alteration -Level : Parallelization of a
single step of the metaheuristic:
Problem independent

ASolution -Level : Parallelization of
the processing of a single solution:
Problem dependent




Exercises: what has to be done (design &
iImplementation ?

* From the mono-objective resolution to the multi-objective resolution
* From the application of NSGA-II to IBEA evolutionary algorithms

* From the application of NSGA-II evolutionary algorithm to particle swarm
optimization MOPSO and multi-objective scatter search

 Design of interactive multi-objective metaheuristics

« Handling many-objective MOPs

 Design of multi-objective metaheuristics for MOP with uncertainties




