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Introduction

Introduction

(*)

(*)

Exploit dependencies between objectives and variables at
the time of exploring the search.

How to measure the gain in using these interactions?
How to test model-based algorithms that learn and exploit
dependencies?

Define complexity of MOPs in terms of interactions
between its components.

H. Karshenas, R. Santana, C. Bielza, and P. Larraiiaga. Multi-objective estimation of distribution algorithm based on joint modeling of objectives and variables.
IEEE ions in yC 14 (4). pp. 519-542. 2014.
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Introduction

Motivation

Single-objective case

@ Direct evolution of easy and hard instances using the
success rate of an evolutionary algorithm to estimate the
instance difficulty.

@ We applied evolution in two directions (Minimizing and
maximizing difficulty).

@ For some descriptors of the instances (topological
properties of their graphs) there were statistical differences
between easy and hard instances.

R. Santana, A. Mendiburu, and J. A. Lozano. Evolving NK-complexity for y solvers. In C i of the 2012 Genetic and Evolutionary
Conference (GECCO-2012) pp. 1473-1474. 2012.
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Introduction

Motivation

Single-objective case

Algorithm 1: Random Hill Climbing

17 Run EBNA 100 times on instance G and compute the success rate of the
algorithm £(G)

2 do{

3 Randomly select an arc (j, k) from instance G

4 Select a vertex / such that (j, /) is not in G

5 G =G

6 Replace (j, k) by (j, /) in G’

7 Run EBNA 100 times on instance G’ and compute the success rate of the

algorithm f(G')

8 If f(G') > f(G') then G= G
9 } until Maximum number of evaluations is achieved
10 Return G.
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Introduction

Relevant questions

@ Extending the direct evolution of instances to the
multi-objective case.

@ How to design instances that could maximize a given
criterion of difficulty for a MOP while satisfying a given
pattern of interactions between the decision variables
(structural constraints)?

@ What kind of instances to use for the MOP case?
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Introduction

Related work

Research directions

@ Problem testsuits and problem generators for MOPs
[Knowles and Corne:2003].

@ Definition of landscapes for MOPs (MNK-landscape
instances) [Aguirre and Tanaka:2007].

@ MNK-landscapes with correlated objectives [Verel et
al:2013].

J. Knowles and D. Corne. Instance generators and test suites for the quadratic problem. ionary Multi-criterion Optimization pp.
295-310. 2003

H. E. Aguirre and K. Tanaka. Working principles, behavior, and of MOEAS on MNK. European Journal of Operational Research pp.
1670-1690. 2007.

S. Verel, A. Liefooghe, L. Jourdan, and C. Dhaenens. On the structure of multiobjecti inatorial search space:MNK- with correlated objectives.

European Journal of Operational Research pp. 331-342. 2013.

R. Santana, A. Mendibur Lozano Evolving MNK-landscapes with structural constraints



MNK model

Definitions

NK-landscape model

An NK fitness landscape [Kauffman:1993] is defined by the
following components:

@ N variables. Number of neighbors per variable, K.

@ A set of K neighbors IN(X;) € X, for X, j € {1,...,n}.

@ A subfunction Ij- for each combination of values of X; and
nexp),je{1,...,n}.

o fuk(X) = 21 (X,, (X))

S. Kauffman. Origins of Order. Oxford University Press, 1993.
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MNK model

Definitions

MNK-landscape model
o ()= (f(), R(),...,fu()): B" < RM.
@ M is the number of objectives.
@ fi(.) is the i-ith objective function.
o K= {Kj,...,Ku}, K;is the size of the neighborhood in the
i-th landscape.
© fi(x) = § 74 fij0x, Mij(x)-

H. E. Aguirre and K. Tanaka. Working principles, behavior, and of MOEAS on MNK: European Journal of Operational Research pp.
1670-1690. 2007.
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MNK model

Previous work

Research on MNK-landscape model [Aguirre and
Tanaka:2007]

@ Exhaustive investigation of how the parameters of the
MNK-landscape influence several characteristics of the
fitness landscape.

@ Dependence of the size of the Pareto front and the number
of fronts on the parameters of the landscape model.

@ Comparison of NSGA-Il and SPEAZ2 on the generated
landscapes.

H. E. Aguirre and K. Tanaka. Working principles, behavior, and of MOEAS on MNK: European Journal of Operational Research pp.
1670-1690. 2007.
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MNK model

Previous work

pMNK-landscapes [Verel et al.:2013]

@ Extension of the NK-model to design multiobjective
functions with correlations.

@ pMNK-landscapes: the epistatic structure is the same for
all the objectives.

@ Used to investigate the influence of the parameters

describing the landscapes in the behavior of different
MOEAs.

S. Verel, A. Liefooghe, L. Jourdan, and C. Dhaenens. On the structure of i i i ial search space:MNK: with correlated objectives.
European Journal of Operational Research pp. 331-342. 2013.
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Tuning MNK model using optimization

Tunable MNK-model

Description of the approach

@ Instances are created trying to optimize a given
characteristic of the Pareto front.

@ The modification of instances is accomplished by
re-arranging the neighborhood structure of the variables.

@ The local parameters of the model are not changed.

@ The structure of the variables neighborhood of
MNK-landscape is changed using a hill climbing algorithm.
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Tuning MNK model using optil

Tuning MNK model

f(x) = (f1(x), 2(x)) (1)
g
fi(x) = ;(91(X1,X2,X3)+92(X27X37X4)+93(X3,X4,X5) (2
F 94(x4, X5, Xg) + 95(X5, X6, X1) + Go(Xs, X1, X2)) (3)
fa(x) = - (91(x1, X4, %) + g2(x2, X1, X6) + g3(X3, X6, X2) (4)
4 94(X4, X1, X3) + 95(X5, X1, X2) + o(Xs, X5, X4)) ()
Configurations

000 001 010 011 100 101 110 111
94 0.01 | 0.43 | 0.21 0.15 | 0.88 | 0.91 | 0.03 | 0.69
9 0.84 | 0.13 | 0.18 | 0.56 | 0.32 | 0.11 | 0.53 | 0.29
g3 0.96 | 0.38 | 0.16 | 0.04 [ 0.08 | 0.86 | 0.90 | 0.54
94 0.45 | 0.17 | 0.85 | 0.68 [ 0.52 | 0.37 | 0.76 | 0.92
g5 0.73 | 0.80 | 0.66 | 0.42 | 0.65 | 0.82 | 0.29 | 0.24
g6 0.59 | 0.79 | 0.53 | 0.80 | 0.57 | 0.78 | 0.01 | 0.17
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Tuning MNK model using optil

Tuning MNK model

(x) = (f1(x), 2(x)) (6)
g
fi(x) = ;(91(X1,X2,X3)+92(X27X37X4)+93(X3,X4,X5) 7)
+ 94(x4, X1, Xg) + 95(X5, X6, X1) + Go(Xs, X1, X2)) (8)
fa(x) = - (91(x1, X4, %) + g2(x2, X1, X6) + g3(X3, X6, X2) (9)
4 94(X4, X1, X3) + 95(X5, X1, X2) + o(Xs, X5, X4)) (10)
Configurations

000 001 010 011 100 101 110 111
94 0.01 | 0.43 | 0.21 0.15 | 0.88 | 0.91 | 0.03 | 0.69
9 0.84 | 0.13 | 0.18 | 0.56 | 0.32 | 0.11 | 0.53 | 0.29
g3 0.96 | 0.38 | 0.16 | 0.04 [ 0.08 | 0.86 | 0.90 | 0.54
94 0.45 | 0.17 | 0.85 | 0.68 [ 0.52 | 0.37 | 0.76 | 0.92
g5 0.73 | 0.80 | 0.66 | 0.42 | 0.65 | 0.82 | 0.29 | 0.24
g6 0.59 | 0.79 | 0.53 | 0.80 | 0.57 | 0.78 | 0.01 | 0.17
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Tuning MNK model using optimization

Tunable MNK model
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Tunable MNK model
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Tuning MNK model using optimization

Tunable MNK-model

Algorithm 2: Greedy MNK-landscape optimizer
1 Generate a random MNK-landscape instance.
2 Set MaxVal to the fitness value computed for the instance.
3 do{
4 For each objective /i, each node j, and each neighbor k in I; ;
5 For all possible / € {{1,...,n}|M;;}
6 Replace k by /inI;;
7 Compute the fitness value CurrVal from the new MNK-landscape
8 If CurrVal > MaxVal
9 Then MaxVal = CurrVal
10 Else Replace / by kin I; ;
11 } until Termination criteria are met
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Tuning MNK model using optimization

Tunable MNK-model

Description of the approach

@ The exact strategy is only feasible for small values of n.

@ Approximate variant I: Use a sample of solutions from the
search space as the basis for computing the fitness values.

@ Approximate variant II: Randomly selecting a
neighborhood, as well as randomly selecting the changes
to the variables.
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Experiments

Experiments

@ Evaluate the method in the generation of instances that maximize different
criteria that describe MOPs.

@ Determine what the influence of the MNK-landscape parameters in the
characteristics of the instances generated is.

ot

@ Maximize size of the Pareto front.
@ Maximize number of Pareto fronts.
@ Maximize and minimize correlation between objectives.
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Experiments

Experiments

e n=10,12,M=2k=1,...,4.
@ The number of steps for the algorithm is ns = 25.

@ / executions of the algorithm were run (/ = 30 for n =10,
and /=10 for n=12).

@ One or two objectives are simultaneously considered in the
intance optimization.

-
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Figure : Distribution of the objectives values.
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Size ofthe Pareto front
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Figure : Maximization of the correlation and size of the Pareto front.
Influence of the parameters n and k of the MNK-landscape.
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Experiments

Experiments

n | k | Min.Corr | Max.Corr | Max.PF
10 | 1 4.0000 —4.0333 | 11.7667
2 | 9.0333 —6.7667 | 18.9667
3 | 6.6000 —4.7333 | 15.8667
4 | 4.0667 —2.7333 | 14.4333
12 | 1 8.5000 —7.600 29.1000
2 | 7.1000 —3.9000 | 19.5000
3 | 4.9000 —3.0000 | 21.1000
4 | 6.6000 —3.5000 | 18.6000

Table : Change in the size of the Pareto fronts due to the application
of the algorithm on a random instance of the MNK-landscape and
using different measures to guide the search.
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Size ofthe Pareto front
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Figure : Left) Maximization of the Pareto front size. Two objectives.
Right) Maximization of the Pareto front size. Three objectives.
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Conclusions

Conclusions

Conclusions

@ A new optimization-based algorithm for generating
MNK-landscapes instances.

@ The question of constructing such instances is transformed
in an optimization problem.

@ Focusing on changes in the interactions between the
variables while keeping the parameters of the functions
fixed.

@ Achieving clearly conflicting objectives by means of
reducing the correlations is a harder task.

@ Suitable method for creating “rare” instances.
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