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Abstract

Pareto Local Search (PLS) is a generalization of the local search algorithms to handle more
than one objective. In this paper, two variants of PLS are examined on the multiobjective
0/1 knapsack problems, compared with three well-known multiobjective EA algorithms, namely
SPEA, SPEA2 and NSGA2. Furthermore, A Guided Local Search (GLS) based multiobjective
optimization algorithm is proposed, the Guided Pareto Local Search (GPLS). GPLS shows the
ability of GLS to set on top of PLS not only to help PLS to escape Pareto local optimal set,
but also to enhance its convergence toward and spread over the true Pareto front. Experimental
results have shown that PLS can produce results with a very good quality, and proven the
effectiveness of the GPLS.

1 Introduction

The multiobjective optimization problem (MOP) concerns the optimization of two or more ob-
jectives simultaneously. Instead of searching for a global optimum solution as in single-objective
optimization problem, the search in MOPs targets a set of solutions representing the optimal set
of trade-offs between the objectives. This set is known as the Pareto front (PF). All solutions
in the PF are nondominated by any other solution in the same set (i.e. all solutions are Pareto
equivalent to each other).

Over the past decade, a number of metaheuristics have been proposed for approximating
the PF in a single run, many of which are multiobjective evolutionary algorithms (MOEAs)
[13]. Some reviews of MOEAs algorithms are in [3] [2]. The popularity of EAs techniques is
attributed to its population-based nature which enables the finding of multiple optima simultane-
ously. Algorithms based on single-point-based metaheuristics such as Tabu Search and Simulated
Annealing have also been suggested to tackle MOP problems, however, at less extent [19] [1] [5]
[11] [7]. Instead of maintaining a population, most of these algorithms incorporates the archive
concept to store the nondominated solutions discovered during the local search processes.

Quiet recently, the Pareto Local Search (PLS) method [28, 32] has been proposed as a very
simple algoritm for containing multiobjective optimization problems. Its simplicity stems from
the fact that PLS is a straightforward extension to local search algorithms, no parameter settings
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is required for PLS, and it does not involve any aggregation of objectives. Generally, PLS
maintains a set of potentially efficient solutions, called archive, and iteratively improves this set
by exhaustively exploring all of its neighbourhood. The acceptance criterion depends on the
notion of Pareto optimality: a solution is accepted only if it is nondominanted by all solutions in
the archive. Furthermore, PLS has a natural stopping condition that is when the neighbourhoods
of all solutions in the archive have been explored.

Several variants of PLS have been proposed [28, 32, 16]. Differences between such variants
are in the way of defining its basic components [27]: (1) the selection scheme that chooses the
current solutions from the archive to explore their nieghbours, (2) nieghbourhood exploration
strategy, fully vs. partially, (3) the archiving, e.g. bounded vs. unbounded, and (4) the stopping
criterion.

The applications of PLS have shown its ability of obtaining a good approximation of the
efficient set of nondominated solutions [28, 32]. Its performance can be further improved when
it is coupled with an effecient initial population generator as a two-phase algorithm [29], or with
another evolutionary algorithm forming a hyprid algorithm [26, 30]. However, a major drawback
of the PLS is the slow convergence that makes its comutational time much higher than other
state-of-the-art techniques [28, 29]. Besides, one can anticipate that PLS, as a local search
method, can also be trapped in local optima points. This would become more serious when a
simple nieghbourhood function is defined, or partial neighbourhood visiting strategy is used.

Metaheuristics [31] includes many techniques that help the basic local search avoiding or
escaping local optima. In this paper, we show that this can also be applied to the PLS meth-
ods. In oreder to enhance the convergence of the PLS and guide it to escape local optima, we
propose the use of the Guided Local Search (GLS) [20] which is a general, yet very successful
metaheuristic. GLS is a penalty-based metaheuristic algorithm that can be superimposed on
other local search algorithms, with the aim of guiding it to escape local optima by dynamically
augmenting the given objective function with penalties. When the local search settles in a local
optima, GLS penalizes some selected features of the candidate solution.

Similarly, GLS can also be adapted to sit on top of PLS algorithms, and then we obtain a
method that we call Guided Pareto Local Search (GPLS). In GPLS, the notion of locla opti-
mal is replaced by Pareto locla optimal set. GPLS employs a new penalization strategy that
incorporates knowledge obtained from the Pareto locla optimal set.

There has been no attempt to implement a multiobjective GLS to tackle multiobjective
optimization problems, up to our knowledge. This is normally attributed to its single-point-
search nature. Therefore, GPLS can be considered as the first attempt to extend the GLS to
contain more than one objective problems.

The purpose of this paper is twofold, first of which is to examine the performance of two PLS
algorithms on a set of multiobjective 0/1 knapsack problem instances [24]. Second, examining
the convergence performance of the GPLS by making a direct comparison with PLS algorithms,
as well as other well-known EA approaches, namely SPEA2 [24] and NSGA2 [3].

The paper is organized as follows: section 2 and 3 describe GLS and PLS algorithms. GPLS
is introduced in section 4. The application of PLS and GPLS to the multiobjective 0/1 knapsack
problem and the experimental method are discussed in section 5. Experimental results are given
in section 6. Finally, we conclude with a discussion and future work, section 7.

2 Guided Local Search

Guided Local Search (GLS) is a general metaheuristic algorithm for optimisation [22]. GLS sits
on top of local search with the purpose of escaping from local minima by using a penalty-based
approach. The basic idea is to augment the objective function with penalties, which directs the
search away from locla optimal. When the local search settles in a locla optimal, GLS penalizes
some selected features of the candidate solution.

To apply GLS, the solution features need to be defined in order to distinguish between
solutions with different characteristics. Each feature is associated with a cost to help GLS
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Algorithm 1 Pseudo-code for steepest Pareto Local Seach (PLSs)

{ generate an initial solution, and add it to the archive}
so < InitialSolution(); mark(sg) < false
archive «— sg
while Js € archive such that mark(s) = false do
{fully explore the nieghbourhood of s, and update the archive with nondominant neighbours. }
for all s € Nieghbourhood(s) do
{evaluate s using a given set of objectives.}
Eva/luate(s, l91, -+, gx])
if s is nondominated by any solution in archive then
UpdateArchive(s')
end if
end for
mark(s) « true
end while
return archive

choose features that have more influence on the cost function in order to penalize them.
GLS uses an augmented function h(s) in the search process instead of the main objective
function, g(s):

h(s) = g(s) + A Y pix Ii(s) (1)

i€l

In this formula, s is a candidate solution and X is a parameter of the GLS algorithm. F refers
to the set of all features. p; is the penalty of feature ¢ (each p; is initialized to 0), and I;(s) is
an indicator which is equal to 1 only if s exhibits the feature 7; 0 otherwise.

The basic GLS procedure can be described as follow: starting from an initial solution, a local
search algorithm is applied until it reaches a locla optimal. GLS augments the cost function by
adding penalties to selected features. The novelty of GLS is mainly in the way that it selects
which features to penalize. The intention is to penalize “unfavourable features” when a local
search settles in a locla optimal. The utility of penalizing feature i, (util;) under a locla optimal
s*, is defined as follows:

Ci
14+ p; )

where ¢; is the cost and p; is the current penalty value of feature i. At a locla optimal, the
feature with the greatest wutil value will be penalized. When a feature is penalized, its penalty
value is always incremented by 1.

util;(s*) = L;(s*) x

3 Pareto Local Search

Before describing the PLS, we have to introduce the notions of dominance and Pareto locla op-
timal. In single objective optimization problems, different solutions are compared by performing

the logic operators >, < and == on the corresponding single objective function values. Solutions
in a multiobjective optimization problem can be compared in the same way by using the concepts
of Pareto equivalence (i.e. ==) and Pareto dominance (> and <). Assuming a maximization

problem, a solution x dominates a solution y (i.e. = > y) if and only if z is no worse than y in
all objectives and x is strictly better than y in at least one objective. The solution z is said to
be Pareto equivalent to y (i.e. x == y) only if neither x dominates y nor y is dominated by x.
In multiobjective combinatorial optimization, usually there is not only a single Preto optimal
solution, but a set of Pareto optima, called Pareto global optimal set. Similarly, a solution s
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is a Pareto local optimal when it is nondominated by any other solution in its neighbourhood.
Consequently a Pareto local optimal set is the set of Pareto local optimal solutions with respect
to the defined neighbourhood.

Two PLS versions are considered here. The first PLS (called here PLS;) was proposed by
Paquete et al [28]. As given in Algorithm 1, PLS, starts with a randomly generated solution
which is added to the archive (i.e. the Pareto local optimal set). Then, a candidate solution is
randomly chosen from the archive, and its neighbourhood is fully explored (i.e. steepest visiting
stratgey). Every nondominant neighbour becomes a candidate to be added to the archive if it is
nondominated by all solutions in the archive. After examining the nieghbourhood of the current
solution, it is marked as wvisited. PLS; stops when all the solutions in the archive are visited.

The application of PLS to biobjective Travelling Salesman Problem (TSP) reveals that a
major weakness of PLS; is its excessive demand for comutational time, particularly when the
underlying nieghbourhood operator is large such as the 3-opt for TSP. One reason for that is the
nieghbourhood visiting strategy applied by PLS;s. A full exploration of the nieghbourhood of a
solution is much more timely, compared to other visiting strategies. Thus, in cases where the
time budget is limited, other greedy visiting strategies would be very competitive, particularly
for many objective (i.e. more than two) optimization problems. For this reason, another variant
of PLS is introduced here, called PLS,, that applies a first improvement, partial visiting strategy.

The second PLS (PLS,) is depicted in Algorithm 2. It is similar to PLS, with only two
differences: (1) PLS, applies a greedy visiting strategy where a PLS accepts the first better
neighbour, (2) a solution s in PLS,; becomes a Pareto local optimal either when all its nieghbour
are considered and none of which dominates s, the maximum number of fails maxFails is
exceeded or a maximum number of explored solutions in the archive maxz Restarts. The number
of fails (fails) is incremented every time a neighbour is dominated by the current solution, and
it is reset to zero every time a move occurs. Another stopping condition is controlled by another
parameter called max Restarts which limits the number of solutions in the archive that to be
considered and their nieghbourhood to be explored.

Without using one or both of the two parameters, the PLS, might be unable to reach the
Pareto local optimal set while being given a limited amount of time, and maintaing a large or
unbounded size of archive. Therefore, maxFails and maxRestarts parameters define earlier
stopping criteria and, then, a virtual Pareto local optimal set. In this case, GPLS can be utilized
even within a limited amount of computational time.

4 Guided Pareto Local Search (GPLS)

The proposed GPLS extends the single-objective GLS algorithm to guide the PLS to escape
(real or virtual) Pareto local optima set. This requires some modifications to the single-objective
GLS. As outlined in Algorithm 3 The GPLS modifies the GLS in the following areas:

4.1 Pareto Local Search

Instead of single-objective local search algorithms, a Pareto local search is applied to contain
multiobjective optimization problems. Actually, any PLS, including the two versions described
in section 3, that returns a Pareto locla optimal set can be applied here. In this paper, PLS, is
used due to the imposed limitation in the computational time.

4.2 Features and their Cost

Features depend entirely on solution representation. In multiobjective optimization problems,
one should take into consideration two different scenarios:

e All objectives share the same feature set. However, the cost of a feature varies according to
a particular objective. In order to define the cost of a feature in this case, the influence of
the feature on each objective function has to be considered and modelled into a single cost
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Algorithm 2 Pseudo-code for greedy Pareto Local Seach (PLS)
so «— Initial Solution()
archive <« sg
fails — 0
while Js € archive such that mark(s) = false AND restarts < maxRestarts do
{apply first-improvement visiting strategy to the exploration of the nieghbourhood of s, and update the

archive with nondominant neighbours. }
restart «— restart + 1
for all s' € Nieghbourhood(s) do
Evaluate(s, g1, .-, gk])
if s dominates s then
s s
fails — 0
else if s does not dominate s* then
if s’ is nondominated by any solution in archive then
UpdateArchive(s')
end if
else
fails — fails +1
if fails maxFails then
{exit the for loop}
break
end if
end if
end for
mark(s) <« true
end while
return archive

function. Such models include, for example, (weighted) aggregating approaches and other
general functions e.g. min, max or mean. Modelling feature’s cost is problem-dependant
and, thus, it is hard to develop a general model. Problems in this category include the
multiobjective 0/1 knapsack problem. Algorithm 3 considers this scenario.

e A distinct feature set needs to be defined for each objective, and a cost is associated with
each feature to describe its influence on the corresponding objective. At the penalization
phase, features in all feature sets should be considered to pick one or more features to be
penalized. An example of problems in this category is the Travelling Salesman Problems
With Profits[4].

4.3 Penalization Scheme

The guidance strategy that the single-objective GLS employs, relies on penalizing some features
exhibited by the recent locla optimal. As mentioned earlier, the novelty of GLS is mainly in the
way that it selects features to penalize. The objective is to penalize “bad features” when the
local search settles in a locla optimal. Two factors affect the utility of a feature, namely its cost
and the frequency of penalizing this feature.

GPLS deals with a Pareto local optimal set instead of a local optimal. A straightforward pe-
nalization strategy is to evaluate the utility of all features exhibited by any nondominant solution
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Algorithm 3 Guided Pareto Local Seach
GPLS([g1, s gk)s Ay 11y - -+, Iag), ey - - -5 ean])

{where g;: the objective function j, A: lambda parameter, I;: indicator function of feature i, ¢;:cost of feature

i, M: number of features}

BEGIN

{set all penalties to 0}
for allie[1---M] do
pi < 0;
end for
{define augmented objective functions: hy,---, hy}
for all je[1---k] do
hj = gj + A X icp pi* Lis
end for
repeat
Apply PLS using [hq, .., hx] in solution evaluation: Evaluate(s)
{ At Pareto local optimal set, compute the utility of features. <; represents how many solutions in
archive exhibit feature i }
forallie[1---M] do
util; < I;(archive) * (¢; * (v;/|archive|)) /(1 + pi);
end for
{ penalize features with maximum utility }
for all i such that util; is maximum do
pi —pi + 1
{unmark any solution in archive exhibits i}
for all s € archive such that I;(s) =1 do
mark(s) <« false
end for
end for
until StoppingCriterion
return archive;

END

in the archive, and penalize features with maximum utility. However, this simple strategy does
not incorporate any information from the archived solutions. Important information that can be
extracted from the archive, is how many nondominant solutions exhibit a particular feature. This
is another factor that can be incorporated in the utility function. Taking feature’s occurrences
into consideration in selecting the feature to penalize would help to prevent the search from
directing all effort to any particular region of the pareto front, and, therefore, leads to a better
spread over the true pareto front. It also enhances the chance of escaping Pareto local optima
set by penalizing more solutions, with the hope that features with high cost that are exhibited
by only one or few solutions, will be removed either by the PLS or by future penalization.

An alternative penalization scheme that incorporates besides feature’s cost ¢; and penalty p;,
the number of solutions in the Pareto local optimal set that exhibit this feature (y;) is introduced.
The utility function (Eq.2) is redefined as follow:

¢i X (yi/|archive|)
1+p;

(3)

util;(archive) = I;(archive) X
where archive is a Pareto local optimal set, I;(archive) indicates whether “at least” one solution
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in the archive exhibits feature 4, and |archive| is its size of nondominant solutions. The feature
with the greatest util value will be penalized. When a feature is penalized, its penalty value is
always increased by 1.

This unique utility function redefines the term “bad feature”. If a feature is not exhibited in
the Pareto local optimal (indicated by I;), then the utility of penalizing it is 0. The higher the
cost of this feature (the greater ¢;) and the more nondominated solutions exhibit it (the greater
v:), the greater the utility of penalizing it. Besides, the more times that it has been penalized
(the greater p;), the lower the utility of penalizing it again.

Having penalized a feature, all solutions in the archive that exhibit this feature need to be
marked as not wvisited, so as to be considered by the PLS in the next iteration.

5 Multiobjective 0/1 Knapsack Problem

In order to test the GPLS algorithm, it is applied to the multiobjective 0/1 knapsack problems
(MOKP). This problem was first formulated and solved by Zitzler & Thiele [25] using Strength
Pareto Evolutionary Algorithm (SPEA). They formulated the problem using m knapsacks where
the task is to maximize the profits simultaneously for all m knapsacks whilst satisfying weight
constraints. Since then the problem has become a standard benchmark that has been solved
by many other researchers (e.g. [3] [15] [23]). Later, Zitzler et al [24] introduced an improved
version of SPEA, namely SPEA2. The performance of SPEA2 was tested on some sets of
multiobjective 0/1 knapsack problem, and was compared to SPEA and NSGA2 [3] — a well-
known multiobjective EA. They demonstrated the superiority of SPEA2 to its predecessor, and
its competitive performance to NSGA2.

In this study we select as benchmarks, the data sets from the SPEA2, SPEA and NSGA2
runs. There are nine problems altogether with 250, 500, and 750 items, each of which with
various numbers of objectives (2, 3 and 4 objectives). SPEA was applied to all instances, where
SPEA2 and NSGA2 were only tested on the 750 items instances. At the time of writing, the
problems together with the raw results obtained in Zitzler & Thiele [25] and [24] are available
from an Internet web-site! .

5.1 Problem Formulation

A multiobjective variant of the 0/1 knapsack problem (MOKP) can be described by a set of n
items and a set of m knapsacks. Given the capacity of knapsack j ({;), the profit from including
item ¢ in knapsack j (p;;), and the weight of item ¢ according to knapsack j (w;;), the task in
MOKP is to find a vector z = (1, ...,x,) € {0,1}", where x; describes whether item i is put in
all the knapsacks, that aims to:

mazimize fj(x) = Z Pij s, Vi=1,..,m (4)
i=1,..,n
subject to Z wijx; < G, Vi=1,...m (5)

i=1,..,n

5.2 The Implementation of GPLS for 0/1 MOKP

The only attempt to apply GLS to the knapsack problems, the authors aware of, is reported
in [8], where the GLS has been applied to a single-objective variant of the multidimensional
knapsack problem.

In order to apply the GPLS to the MOKP, the following components need to be defined.

"http://www.tik.ee.ethz.ch/sop/download/supplementary /testProblemSuite/
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5.2.1 Repair Method

MOKP involves constraints that are to be handled. This can be achieved by defining a heuristic
for repairing infeasible solutions. Several repair approaches have been proposed for this purpose
[25] [12]. In [25], a straightforward extension to a repair method applied to the single-objective
approach was proposed. The repair algorithm removes items from the solution step by step until
all capacity constraints are fulfilled. The order in which the items are deleted is determined by
the maximum profit-to-weight ratio per item.

However, this heuristic favours items with a maximum ratio on a single objective, despite its
impact on other objectives. An alternative, fairer heuristic that considers the profit-to-weight
ratios with respect to all objectives is proposed here. Instead of the using the maximum profit-to-
weight ratio per item, we use the summation of the profits divided by the summation of weights
of each item over all knapsacks:

2 j=1,..m Pi
2=t m Wi

This repair method works very well with PLS, and yields a slightly better performance over
the former one.

(6)

5.2.2 PLS

Three main components need to be defined in order to apply the PLS to 0/1 multiobjective
knapsack problem, first of which is solution representation. We represent each solution in the
search space by a vector * = (21, ...,7,) € {0,1}", where z; describes whether item i is put in
all the knapsacks. The second component is the neighbourhood function that maps a solution
to a set of candidates. We use a simple neighbourhood function, by which a new neighbour is
obtained by performing a single flip of any value in the current vector. Since flipping an item
from 1 to 0 (i.e. the item is removed) will not yield an improved solution, it is replaced by a
random non-included item (i.e. flipping from 0 to 1). The last component of LS is the initial
solution which can be generated randomly or heuristically. In this study, we use a heuristic
initialization by including all items (z; = 1), and applying the proposed repair method (Eq.6).

5.2.3 Features and their Costs

A possible feature to consider for this problem is whether an item 4 is included. The importance
of putting item ¢ in the knapsacks varies between kanpsacks (i.e. objectives). In order to define a
single value that determines the cost of a feature (i.e. chosing an item) on all objectives, simply
the average of the profit-to-weight ratio of an item over all objectives is applied. Therefore, a
“bad feature” can be defined as including an item with a overall low profit-to-weight ratio (i.e.
high weight-to profit ratio), and, then, The cost of feature i is defined as follow:

= Wij/ Pij
o= Z]_l,..,m i/ Pij (7)
m

The lower the average of the profit-to-weight ratio for the m objectives of feature i, the higher
the cost of this feature and, thus, the more chance this feature is to be penalized.

6 Experimental Results

As mentioned earlier, the obtained results of the SPEA, SPEA2 and NSGA2 algorithms on the
0/1 MOKP with 250, 500 and 750 items, and two, three and four objectives [24] are used in this
study. Similar to [24], the running lengths allowed for those algorithms are expressed in terms
of number of evaluations (maxzFEwval), and the size of the archive is limited as given in Table 1.
Accordingly, we have adjusted the stopping condition for both the PLS and GPLS to be equal to
that of other algorithms. For PLS, the algorithm stops when the number of evaluations exceeds

Hamburg, Germany, July 13—-16, 2009



MIC 2009: The VIII Metaheuristics International Conference id-9

Table 1: The stopping criteria expressed in terms of the maximum number of evaluations maz Eval

n m  maxEval |archive| maxzFails A

250 2 75000 150 10 20
250 3 100000 200 15 20
250 4 125000 250 15 20
500 2 100000 200 15 30
500 3 125000 250 20 30
500 4 150000 300 20 30
750 2 125000 250 20 40
750 3 150000 300 25 40
750 4 175000 350 25 40

mazFEwval. Initial experiments showed that PLS does not settle at real Pareto local optimal set
within the allowed time. Therefore, in order to test GPLS, a virtual Pareto local optimal set is
applied by using maxz Fails and/or maz Restarts parameters, as described in Algorithm 2. Only
mazFails is used for biobjective instances, while both parameters are used in three and four
objectives instances. Besides, a parameter of GPLS that needs to be tuned is A. The setting of
these parameters are given in Table 1. The max Restarts is set to equal 20% of the archive size
of each instance. Finally, following [24], each algorithm in this study has been independently
run for 30 times for each test instance.

Due to the nature of MOPs, multiple performance indexes should be used for comparing the
performances of different algorithms [2], [32]. In our experiments, the following performance
index is used:

e Set Coverage (C-metric): Let X and Y be two approximations to the Pareto global
optimal set (i.e. Paret frone, PF) of a MOP, C(X,Y) is defined as the percentage of the
solutions in Y that are dominated by at least one solution in X. When C(X,Y) = 1, all
solutions in Y are dominated by some solutions in X. On the other hand, C(X,Y) =0
means that all solutions in Y are nondominated by any solution in X. C(X,Y) is not
necessarily equal to 1 — C(Y, X).

e Distance from Representatives in the PF (D-metric): Let Px be a set of uniformly
distributed points along the Paret frone PF', or an upper approximation of the PF. Let
A be an approximation to the PF, the average distance from Px to A is defined as follow:

ZUGP* d(vv A)

D(A, Px) = P

(8)

where d(v, A) id the minimum Euclidean distance between v and the points in A. The
lower the value of D(A, Px), the closer A to the PF will be. In this study, the upper
approximation to each 0/1 knapsack test instance that was proposed in [| is used here as
| P |.

Table 2 presents the means of the C-metric values of the final approximations obtained by
both variants of PLS (PLSs and PLS,;) and GPLS, compared to SPEA on instances of size
250 and 500. The means of the C-metric for the PLS variants and GPLS, compared to SPEA2
and NSGA2 on instances of size 750 are given in Table 3. Table 4 gives the means and standard
deviations of the values of D-metric for the PLS,, PLS, and GPLS. Fig.2 shows the evolution
of the D-metric value with the number of evaluations in each algorithm for the 750 test instances.
From these tables and figures, the following remarks can be made:

e Both variants of Pareto Local Search are superior to the other MOEA algorithms in terms
of the C-metric. They were capable to produce an approximation to the true Pareto front
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Table 2: Average set coverage between the proposed algorithms (PLS variants and GPLS) and
SPEA

m n C(plss,spea) C(spea,plss) C(plsg,spea) C(spea,pls;) C(GPLS,spea) C(spea,GPLS)
250 2 0.83 0.0 0.83 0.0 0.94 0.0
250 3 0.83 0.0 0.84 0.0 0.95 0.0
250 4 0.98 0.01 0.92 0.0 0.69 0.0
500 2 1.0 0.0 0.99 0.0 1.0 0.0
500 3 0.89 0.0 0.89 0.0 0.99 0.0
500 4 0.1 0.0 0.89 0.0 1.0 0.0

Table 3: Average set coverage between the proposed algorithms (PLS variants and GPLS) and
SPEA2 and NSGA2

m n C(plss,spea2) C(spea2,plss) C(plsg,spea2) C(spea2,pls,) C(GPLS,spea2) C(spea2,GPLS)
750 2 0.49 0.0 0.13 0.0 0.86 0.0
70 3 0.75 0.0 0.75 0.0 0.94 0.0
750 4 0.87 0.0 0.86 0.0 0.97 0.0
m n C(plss,nsga2) C(nsga2,plss) C(plsg.nsga2) C(nsga2,pls,) C(GPLSnsga2) C(nsga2,GPLS)
750 2 0.69 0.0 0.67 0.0 0.96 0.0
750 3 0.73 0.0 0.74 0.0 0.92 0.0
750 4 0.83 0.0 0.82 0.0 0.94 0.0

with a very good quality. Table 2 and Table 3 show that the final set of solutions produced
by PLS, or PLSy is better in all instances than those of other MOEA algorithms in terms
of C-metric. Actually, none of the MOEA algorithms were able to generate a solution that
dominate any solution in obtained by PLS variants.

e Within a limited amount of time, using the concept of wvirtual Pareto local optimal set
and then applying the GPLS significantly enhances the performance of PLS in terms of
solutions quality and diversity. This revealed in Table 2, 3 and 4, the first two tables
show that the final set of solutions produced by PLS, or PLS, is imporoved by using the
penalization approach in GPLS in all instances, except 250-4, in terms of C-metric. GPLS
is also capable of improving the D-metric values significantly as given in Table 4. The

Table 4: Means (Standard deviations) of the D-metric values of PLS,, PLS, and GPLS

m n | plss plsg GPLS

250 2 | 239.9(70.74) | 247.6(70.9) 177.77(22.91)
250 3 | 771.51(30.56) | 777.19(32.73) | 522.08(23.88)
250 4 | 892.75(21.66) | 916.17(19.48) | 755.43(16.47)
500 2 | 512.79(41.57) | 526.05(51.8) | 407.5(51.84)
500 3 | 1949(44.3) 1959(39.1) 1640.3(53.1)
500 4 | 2400.5(30.6) | 2432(38.45) 2096(43.61)
750 2 | 1285.3(52.3) | 1298.2(56.5) | 845.3(97.4)
750 3 | 3011.3(34) 3004(32.9) 2611.9(54.3)
750 4 | 4131.6(32.6) | 4181.6(29.2) | 3695.5(49.3)
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difference between the approximations obtained by PLS variants, GPLS and an MOEA
algorithm on instances 2502, 5002 and 7502 can be visually detected from Fig.1.

e Importantly, Fig.2 clearly indicates that for all number of objectives, GPLS needs fewer
number of evaluations than PLS variants for minimizing the D-metric value, which suggests
that GPLS is more efficient and effective than the PLS.

Overall, these remarks suggest that PLS is a very good technique even within a time limit
constraint and many objectives. It is better than well known MOEA algorithms such as SPEA,
SPEA2 and NSGA2 in the 0/1 knapsack problems. We can also claim that GPLS, in overall, is
better than PLS in terms of convergence speed and solution quality, in this set of test instances.
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Figure 1: Plots of a nondominated solutions set of PLS variants, GPLS and an MOEA algorithm
for all the 2-objective MOKP test instances.

7 Discussion and Conclusions

A multiobjective algorithm based on GLS (GPLS) for solving multiobjective optimization prob-
lems has been proposed. GPLS confirms the ability of GLS to be superimposed on Pareto local
search algorithms in order to guide it to escape Pareto local optimal sets. Besides, GPLS can
also help the PLS to improve its convergence and solution quality when the time is limited.
GPLS slightly modifies the penalization scheme of the single-objective GLS, by incorporating a
third factor (together with features’ cost and penalty) in evaluating the utility of penalizing a

Hamburg, Germany, July 13-16, 2009



id-12 MIC 2009: The VIII Metaheuristics International Conference

TH0-2 750-3
21 25
: Gl ‘8- 34 ] —— GPLS
Y@ FLEs [ TR
e —=FLEg | |
e e 2
1 1\ =
£ - g
a B i ﬂ‘,\s = a
" \"'ﬂq‘_.‘_
2 M
? s ¥ L 5 T T T T T T T
o 2 40 & & 100 120 a0 0 0 40 =) @0 100 120 140 1E0
pioon eloon
# Bvaluations # Ewaluations
504
——GFLS
——PLSz
B - —FPLSg
= ey
T -
£
[ ‘\
ez ] \
7 T
] ) 00 160 00

#Ewluations

Figure 2: An example of the the evolution of the D-metric for PLS variants and GPLS

particular feature. This factor employs knowledge about the features of solutions in the Pareto
local optimal set. The more nondominated solutions in the obtained Pareto local optimal set
exhibit a particular feature, the greater the utility of penalizing it.

Given a limited amount of time, applying GPLS requires an early stopping condition of the
underlying PLS, defining a virtual Pareto local optimal set. GPLS together with two variants
of PLS have been applied to the multiobjective 0/1 knapsack problem. The results clearly
show the effectiveness of PLS algorithms compared to three well known MOEAs. Moreover,
the results confirm that GPLS enhances the performance of PLS in terms of convergence and
solution quality.

Alhough GPLS has been applied on top of a variant of PLS, its generality is clearly described.
Any PLS that returns a real or virtual Pareto local optimal set, the proposed GPLS can guide
it in a straightforward manner.

According to recent studies [9] [10], Pareto ranking-based MOEAs such as NSGA2 do not
work well on many objective optimization problems. This is an interesting and appealing feature
of PLS and GPLS, as variants of pareto ranking-based methods, to obtain very good results
even in many objective optimization problems. However, PLS and GPLS still outperformed by
other state-of-art algorithms in the 0/1 MOKP such as MOEA /D [23] which is an aggregation
based MOEA. The high convergence property of GPLS encourages for investigating designing a
framework that embeds the GPLS into it, e.g. a parallel GPLS, to enhance the solution diversity
in the objective space. This describes one further research that we are studying currently.
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