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Abstract. MOEA /D is a multi-objective metaheuristic which has shown
a remarkable performance when solving hard optimization problems. In
this paper, we propose a thread-based parallel version of MOEA /D de-
signed to be executed on modern multi-core processors. Our interest is
to study the potential benefits of the parallel approach in terms of speed-
ups and the quality of the obtained Pareto front approximations when
solving a benchmark composed of nine problems. The obtained results
on two different multi-core based machines indicate that notable time
reductions can be achieved. We have also found out that, with a few
exceptions, there are not significant differences in terms of solution qual-
ity among the sequential MOEA /D and the parallel versions of it when
using up to eight threads.
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1 Introduction

The formulation of many optimization problems faced in engineering and other
disciplines of knowledge involves more than one objective function. Generally
speaking, multi-objective optimization is not restricted to find a single solution
to a given multi-objective optimization problem (MOP), but rather it searches
for a set of solutions called nondominated solutions. Each one in this set is said
to be a Pareto optimum, and when they are plotted in the objective space they
are collectively known as the Pareto front. As in single-objetive optimization,
MOPs may present features such as epistasis, deceptiveness, or NP-hard com-
plexity [15], making them difficult to solve.

In recent years, metaheuristics [2, 8] have become popular techniques for solv-
ing MOPs; in particular, evolutionary algorithms (EAs) have been widely used,
giving rise to a broad variety of algorithms, such as NSGA-II [5], SPEA2 [18],
PAES [10], and many others [3,4]. Most of these techniques are based on the
concept of Pareto dominance and the use of some kind of density estimator. If
we consider NSGA-IT and SPEA2, two very popular algorithms in the field, the
first one uses solution ranking and an estimator based on the so-called crowding
distance, while the second one applies the concept of strength and a density
estimator based on the distance to the k-nearest neighborhood. These ideas,
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particularly those applied in NSGA-II, have been used in a number of multi-
objective metaheuristics, e.g., GDE3 [11], AbYSS [13], MOCell [14], etc.

In this context, MOEA/D [16] is a recent proposal differing from these pop-
ular algorithms. Instead of Pareto dominance, MOEA/D is based on decompo-
sition, in such a way that a number of single-objective subproblems are opti-
mized simultaneously, each of them is an aggregation of all the objectives of the
MOP. Diversity is promoted by establishing neighborhood relationships among
the subproblems, which are defined based on the distances among their aggrega-
tion coefficient vectors. MOEA /D and, particularly its variant using differential
evolution [12], have shown a remarkable performance when solving MOPs with
complicated Pareto sets [12,17].

In this paper, we study the benefits of using modern multi-core CPUs in a
parallel version of MOEA /D. Nowadays, these kinds of processors are becoming
very common, bringing parallel power to PCs and laptops. As a consequence,
users can speed-up their applications if they are properly parallelized. Our inter-
est here is to design a parallel MOEA /D algorithm to determine if we can profit
from running it on multi-core processors. The benefits can be related mainly
to reduce the computing time; however, since the behavior of the algorithm is
modified somehow in the parallel version, it is interesting to analyze whether
or not the parallel algorithm improves the search capabilities of the sequential
MOEA/D.

The contributions of the paper can be summarized in the following:

— A thread-based parallel version of MOEA /D has been designed and imple-
mented.

— The algorithm has been run on two computers having modern multi-core
processors, having both machines a total of eight concurrent execution flows.

— Experiments have been conducted to determine the advantages of using the
parallel approach on the target machines.

The rest of the paper is organized as follows. Section 2 describes MOEA /D
and pMOEA /D, the parallel version of the former. Next section gives the details
of the experimentation methodology applied in our study. Section 4 and 5 include
the analysis of the results of the experiments carried out. Finally, we conclude
the paper and give some lines of future work in Section 6.

2 Description of MOEA /D and pMOEA /D

As commented in the previous section, MOEA /D uses a decomposition approach
to transform the original MOP into a set of single-objective optimization sub-
problems. A pseudocode of the technique is included in Algorithm 1, which
describes the variant MOEA /D-DE presented in [12].

MOEA/D requires the following components:

— A population P of N points (individuals) z!, ..., 2"V, where 2° is the current
solution to the ith subproblem.
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Algorithm 1 Pseudocode of MOEA/D.

1: // Initialization

2: X < initializeWeight Vectors(
3: B « initializeNeighborhood(
4: P « initializePopulation()
5: z « initializeldealPoint()

[

7: // Main loop
8: while not terminationCondition() do
9: for (i =0 ;i < populationSize; i++) do

10: if (rand(0, 1) < §) then

11: MP «— B(i) // MP = mating pool

12: else

13: MP «— P

14: end if

15: parents «— selection(MP, i) // DE selection

16: child < recombination(parents) // DE operator
17: child < mutation(child, P,,) // Polynomial mutation
18: evaluateFitness(child)

19: idealPointUpdate(child, z)

20: solutionsUpdate(child, MP, n,.)

21: end for
22: end while
23: return P

— A set of A, ..., AN weight vectors. For a m-objective optimization problem,
A= (A,...,A\p) is a weight vector, i.e., \; > 0 for all ¢ = 1,...,m and
m
Z A\ =1
i=1

— A vector z* = (27,..., z,) used as reference point.

— Foreachi = 1,..., N, aneighbourhood B(i) = {iy,...,ir}, where \it, ... \iT
are the T closest weight vectors to A°.

These components are initialized in Lines 2-5 in Algorithm 1; after that,
the main loop of the algorithm executes until a termination condition is met
(Line 8). In each iteration, for each individual ¢ (Line 9), the mating pool is
selected between B(i) and P according to a probability ¢ (lines 10-14); then,
two parents are selected (line 15) which, along with 4, are used to obtain a new
individual by applying the recombination and mutation operators (Lines 16-17).
The new individual is evaluated (Line 18) and the ideal point z* is updated
(Line 19). The last step (Line 20) consists in updating the population with the
obtained individual according to a parameter n,, which is used as a bound to
limit the number of replaced solutions. For further details, please refer to [12].

The recombination DE operator used in line 16 is detailed next. Given an
individual 7; = ¢ and two randomly selected parents ro and r3 (line 15), a new
child u is generated as follows:

_— xt + F x (x;? — 2;*) with probability CR, (1)
b xt, with probability 1 — CR

where k = 1,...,n, being n the number of decision variables of the problem, and
F and CR are two control parameters.
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Algorithm 2 Pseudocode of pMOEA/D.

1: // Initialization

2: X < initializeWeightVectors()

3: B « initializeNeighborhood()

4: P « initializePopulation()

g: z « initializeldealPoint()

7: // Main (parallel) loop

8: for (j = 0 ; j<numberOfThreads; j4++) in parallel do

9: first, last « calculateIndices(j, numberOfThreads, populationSize)
10:  while not terminationCondition() do

11: for (i = first ;i < last; i++) do

12: if (rand(0, 1) < §) then

13: MP < B(i) // MP = mating pool

14: else

15: MP « P

16: end if

17: syncronized

18: parents < selection(MP, i) // DE selection

19: child < recombination(parents) // DE operator
20: end syncronized

21: child < mutation(child, P,,) // Polynomial mutation
22: evaluateFitness(child)

23: syncronized idealPointUpdate(child, z)

24: syncronized solutionsUpdate(child, MP, n,.)

25: end for

26: end while

27: end for

28: return P

The idea behind our parallel version of MOEA/D is to run it on computers
equipped with multi-core processors. The approach we have taken is to distribute
the loop starting in Line 9 among a number of concurrent threads, according to
an iterative parallelism paradigm [1]. This way, each thread could work on a
portion of the population in parallel. As multi-threading is based on a parallel
shared memory paradigm, the main issue is to detect the critical sections in the
code in order to avoid race conditions. The pseudocode of the resulting parallel
MOEA/D, named pMOEA/D, is detailed in Algorithm 2.

pMOEA /D, after the initialization step, starts a number of concurrent threads
(Line 8). The next step is to calculate the indices defining the portion of the pop-
ulation that will be assigned to each thread (Line 9), as depicted in Fig. 1. After
that, we find the same main loop as in Algorithm 1 (Line 10) with the following
differences: a) in each iteration, a portion of the population is used (Line 11);
and b) some pieces of the code must be synchronized to be executed in mutual
exclusion. The key point is that the population is spread out among the execu-
tion threads, but the neighborhoods overlap. This means that some elements of
a thread subpopulation may be modified by other thread when this updates the
population, so the sentences between Lines 17-20 are intended to ensure that the
selected parents are kept unchanged while they are recombined to yield a child
individual. Updating the ideal point and the population are obvious procedures
to be also synchronized (Lines 23 and 24).

Once we have designed pMOEA /D, what remains it to study its behavior
when executed on a multi-core processor. The interest points are to know whether
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Fig. 1. Partitioning scheme used to assign portions of the population to each thread.

its search capabilities changes in respect to the sequential MOEAD or not, as well
as the speed-ups that can be obtained. We explore these issues in the following
sections.

3 Experimentation Methodology

We have implemented MOEA /D and pMOEA /D in Java using the jMetal frame-
work [7]. The target computers, referred as Machine 1 and Machine 2 in the
following, have the features detailed next:

— Machine 1: One Intel® Core™ i7-920 processor (2.66 GHz), which fea-
tures four cores and a total of eight processing threads with Intel® Hyper-
Threading technology. The operating system is Linux (OpenSuse 11.1), ker-
nel version 2.6.27.7-9 x86_64, and the JDK version is 1.6.0_15 64-Bit.

— Machine 2: Two Intel®Xeon® E5405 quad-core processors (2.00GHz). The
operating system is Linux (Ubuntu 8.04.3 LTS), kernel version 2.6.24-24-
generic #1 SMP; the JDK version is 1.6.0-14-b08.

First, we have carried out a set of experiments aimed at determining if
pMOEA /D brings some kind of advantage against MOEA /D in terms of the
quality of the produced Pareto front approximations. Our approach has been to
solve a benchmark of MOPs with both algorithms. Each experiment has been
repeated 100 times and the unary additive epsilon (I},) [9] quality indicator
has been applied to assess the search performance of the algorithms. I} L is a
convergence indicator, which is defined as follows: given an approximation set of
a problem, A, the I} - indicator is the minimum factor € that can be added to
each point of the optimal Pareto front in such a way that the resulting front is
dominated by A.

The parameter settings of both the sequential and parallel algorithms are the
following:
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Population size: 600.

— Stopping condition: 150,000 function evaluations.

Weight vectors: we have used the values provided in [17].

— Control parameters in DE: CR = 1.0, F = 0.5.

Polynomial mutation operator: p,, = 1/n (n is the number of decision vari-
ables), distribution index = 20.

Rest of parameters: T = 60, n,, =6, 6 = 0.9.

We have configured pMOEA /D with 1, 2, 4, 8, 16, and 32 threads. As bench-
mark problems, we have chosen the nine MOPs defined in [12], which have been
named as LZ09_-Fz, where x = 1,...,9. All of them have two objectives to
optimize but LZ09_F6, which is a tri-objective MOP.

The second set of experiments are intended to know about the time reduc-
tions that can be achieved when running pMOEA /D on the target machines. As
performance metrics, we have used the speed-up .S, and the efficiency F,, being
p the number of processors. They are defined by the following formulae:

w

S0 = (2)
Sp
Ep - ; (3)

where W and W, are the execution times of the sequential and the parallel
algorithm with p processors, respectively. If S, = p, the speed-up is linear and
the efficiency E, = 1.

4 Analysis of the Search Capabilities of pMOEA /D

We start by analyzing the results obtained with Machine 1. Table 1 includes the
value of the I! . indicator of the computed fronts. In this table, M, refers to the
sequential MOEA /D, and M,, represents pMOEA /D with x threads. To ease the
analysis of the results in the table, some cells have a grey colored background.
Specifically, we have used two grey levels: a darker one for highlighting the best
(lowest) value, and a lighter one for pointing out the second best value of the
indicator. Thus, attending to the table, we observe that the best indicator values
are distributed among My, My, and Mg. Particularly, M;, pMOEA /D with one
thread, seems to be the most outstanding algorithm in our comparison because
it has computed the best fronts according to the I, in three out of the nine
benchmark problems, and it has obtained the second best values of the indicator
in other three cases. According to the table, using pMOEA /D with more than
eight threads do not give any benefit.

Now, we go one step forward and we analyze if these results are statistically
confident. To come with this issue, we have applied the Wilcoxon rank sum test,
a non-parametric statistical hypothesis test, which allow us to make pairwise
comparisons between algorithms to know about the significance of the obtained
data [6]. A confidence level of 95% (i.e., significance level of 5% or p-value under
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0.05) have been used in all the cases, which means that the differences are un-
likely to have occurred by chance with a probability of 95%. The obtained results
are shown in Table 2. In each cell, the nine considered MOPs are represented
with a symbol. Three different symbols are used: “—” indicates that there is not
statistical significance between the algorithms, “A” means that the algorithm in
the row has yielded better results than the algorithm in the column with confi-
dence, and “V” is used when the algorithm in the column is statistically better
than the algorithm in the row.

Table 2 allows us to observe at a glance that, with a few exceptions, there
are not significant differences among MOEA /D and the versions of pMOEA /D
with up to eight threads. Meanwhile, with 16 and 32 threads there is statistical
confidence in practically all the experiments. Summarizing, the experiments car-
ried out have shown that there is no significant differences between the quality
of the obtained fronts by using up to 8 threads when using Machine 1. On the
other hand, when a higher number of threads are used, the computed fronts are
significantly worse in many situations.

We focus now in the results obtained when using Machine 2. Table 3 includes
the values of the I}, ; the nomenclature used is the same as for Table 1. With
this computer, the best results regarding to the IelJr are distributed between
Mseq, M2, Mg, and Mig. Here, we highlight two main facts: on the one hand,
the M., algorithm has obtained the best or second best values in the majority
of the cases; and, on the other hand, pMOEA /D has obtained the best result in
problem LZ09_F1 by using 16 threads.

Again, we apply a Wilcoxon test in order to determine whether the results
are confident or not. Table 4 includes the results of the test. We observe that, as
happened in Machine 1, there are not statistical differences between the results
of MOEA /D and pMOEA /D up to 8 threads in most of the problems. Also with
Machine 2, when using 16 and 32 threads, the number of cases where confidence
has been found gets higher.

More detailed information can be obtained if we display the results using
boxplots, which constitutes a useful way of depicting groups of numerical data.
The boxplots of the values obtained with Machine 2 are included in Fig. 2 (the
boxplots resulting from the data obtained with Machine 1 are similar). Thus,
attending to the figure, we see that in practically all the problems the distribution
of the I} . values are located in the same region; this points out that the results
computed by all the algorithms are of similar quality in many cases.

Comparing the results obtained in both machines, they are not identical,
but rather similar, allowing us to conclude that parallelizing MOEA /D with
the proposed thread-based scheme rarely improves the search capabilities of the
sequential algorithm; however, the differences are not statistically significant up
to eight threads. This is a somehow expected result, because the parallelization
scheme we have applied, in case of a fair thread scheduling, tends to a behaviour
of pMOEA /D similar to the sequential algorithm. What remains to see are the
computing time performance benefits of using pMOEA/D on the target multi-
core computers. We deal with this issue in the next section.
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Table 1. Machine 1. Median and interquartile range of the I€1+ indicator. Cells with dark and light background indicate the best and
second best values, respectively.

Mseq

M1

Mo

My

Mg

LZ09_F1 2.31e — 032.9¢—04
LZ09_F2 7.98¢ — 022201
LZ09_F3 6.18¢ — 022.2¢—01
LZ09_F4 5.55e¢ — 022.1¢—02
LZ09_F5 7.78¢ — 022.7¢—02
LZ09_F6 1.27e — 012.8¢—02
LZ09_F7 3.25e¢ — 023.4¢—02
LZ09_F8 1.99¢ — 018.3c—02
LZ09_F9 4.14e — 028.8¢—02

2.28e — 033416704
2.18e¢ — 012.4¢—01
5.41e — 022.1e—01
4.98e — 022 0e—02
7.83e — 022.8¢—02
1.21e — 012476702
3.04e — 022.3&—02
1.85e¢ — 0lg.5¢—02
3.75¢ — 027.1e—02

2.32e — 032.83704
2.05e — 012.23701
6.21e — 022.2¢—01
5.05e¢ — 021.8¢—02
7.86e — 023.13702
1.24e — 012.43702
3.03e — 023,96_02
2.02e — 019.4¢—02
3.75e — 025,16_02

2.27e — 033.5¢—04
1.99¢ — 012.13701
5.48e — 028.7e—02
4.99e — 022 4¢—02
7.79¢ — 021.83702
1.19¢ — 012.1e—02
2.72¢ — 022 4¢—02
2.09¢ — 019.1¢—02
3.84e — 026_453_02

2.29e — 032.9¢—04
6.80e — 022_25701
5.53e — 022.2&—01
4.92e — 021 4¢—02
7.63e — 021_95702
1.25e — 013.2¢ 02

3.18¢ — 022 4¢—02
2.02e — 018.4¢—02
5.7le — 023.6c—01

Mis
2.30e — 033.13704
2.29e — 012.53701
5.92e — 022.1¢—01
5.79¢ — 022 0e—02
8.0le — 023.13702
1.22e¢ — 012.53702
3.41e — 023.5¢—02
2.22¢ — 011.2¢-01
6.25¢ — 023.5¢—01

Ms2
2.42e — 034.03704
2.23e — 012.93701
7.86e — 022_353_01
6.04e — 022_253_02
8.17e — 023.53702
1.21e — 013.53702
3.34e — 022_253_02
2.31le — 011_353_01
7.0le — 023_353_01

Table 2. Machine 1. Results after applying the Wilcoxon rank sum test to

benchmark problems (LZ09_F1 .. LZ09_F9).

the I§+ values. Each cell contain a symbol per each of the

M1 Mo My Mg Misg Ms2
Macg|- — - - - - - - - |- - - - - - - - |- - - - - - - -|F - - - - —-———= — A - A - — — A A|A A A AA- - aa
1LY T N et Sl A - - - = A|—- — A — — A A AA A A A A A A A
DL/ e N B A|— A A - — — — A|— — A A - — — A A
Mg e = — A A - — A A|A A A AA-— A 4
Mg — A — A A - — — — A A A A A — AA
Mig A - - - - - = =
Table 3. Machine 2. Median and interquartile range of the I€1+ indicator. Cells with dark and light background indicate the best and
second best values, respectively.

Miseq M1 M2 My Mg Misg M3z
LZ09_F1 2.27e — 035 7¢—04 2.30e — 033.1¢—04 2.30e — 033.2¢—04 2.29¢ — 033.2¢—04 2.31le — 032.7¢—04 2.26€ — 033 7¢—04 2.33¢ — 033.2¢—04
LZ09_F26.73e — 022,15701 7.33e — 022416701 1.85e¢ — 012.13701 1.40e — 012.33701 2.11e — 012456701 2.10e — 012.33701 2.20e — 012.23701
LZ09_F3 6.03e — 022.23701 5.57e — 021446701 5.55e — 022,18701 7.1le — 022.33701 5.15e — 029_75702 6.43e — 022.23701 6.83e — 022.23701
LZ09_-F4/4.89e¢ — 021 6e—02 5.10e — 021 . 9e—02 5.21e — 021 .8¢—02 5.05€¢ — 021 7¢—02 5.07¢ — 022.2._02 5.24de — 021 ge—02 5.62¢ — 022.1¢—02
LZ09_F5 7.42¢ — 022,46_02 7.72e — 022_5e_02 7.36e — 022_1e_02 7.7le — 022_053—02 7.69¢ — 022.6e—02 8.36e — 024_353—02 7.98¢e — 022_753—02
LZ09_F6 1.25¢ — 012_453_02 1.26e — 012.4&—02 1.25e — 012_953_02 1.23e — 012,16_02 1.21e — 01255—02 1.25e — 012_453_02 1.24e — 012_353_02
LZ09_F72.96e — 022,55702 3.34e — 023426702 2.99e — 023.68702 3.20e — 023.23702 3.38¢e — 022496702 3.22e — 023.53702 3.59e — 022.33702
LZ09_F8 1.98e — 018.28702 2.02¢e — 011426701 2.10e — 019.53702 2.15e — 017.93702 1.92e — 018.5&702 2.14e — 019.33702 2.22¢ — 011.23701
LZ09_-F9 3.35e¢ — 026.9¢—02 3.91e — 024.8¢—02 3-18¢ — 025 9¢—02 3.87¢ — 026.3¢—02 4.59¢ — 021.9¢—01 5.86e — 025 9e—02 6.44e — 029 .6e—02
Table 4. Machine 2. Results after applying the Wilcoxon rank sum test to the I, values . Each cell contain a symbol per each of the
benchmark problems (LZ09_F1 .. LZ09_F9).

M, Mo My Ms M;s M3z
Mecq|- — — — — — — — — |- — — — — — — A |- - - - - — — e Y W — A - — A — A |AA- A — aAaa
M, | e e e N ee—,e—|e,| ~ A - — A~ — — A|- A-— A-— — — a
My e V|- A A~ — A|- A AA-— - a
M, - - V- - - =V |- - - - A = = |- - - a- - —a
Mg -~ - — A~ - A-|- - aa ~ A -
Mg R
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Fig. 2. Boxplots of the results of the Ii_,_ indicator obtained with Machine 2.
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Finally, to illustrate the kind of Pareto front approximations yielded by the
different versions of the algorithm, we include a number of examples of fronts
computed for problem LZ09_F2 in Machine 2 in Fig. 3. Specifically, these are
the best solution sets obtained by each algorithm regarding to the I - indicator.
These fronts are quite similar between them, although we can appreciate some
slight differences.

5 Parallel Performance

Machine 1
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— 12812 12567  12.667
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~
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Mseq M1 M2 M4 M8 M16 M32

Fig. 4. Computing times (in secs) required by MOEA /D, M,.q, and pMOEA /D, M,
(z = 1,2,4,8,16,32) to solve problem LZ09_-F1 on Machine 1 (top) and Machine 2
(bottom).
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We have carried out a number of experiments to evaluate the parallel per-
formance of pMOEA /D. The first one consist in measuring the computing time
of the algorithms in both, Machine 1 and Machine 2, when solving LZ09_F1. In-
tuitively, as MOEA /D requires few seconds to be run in the used configuration
in both computers, we should not expect large speed-ups due to the fact that
the synchronization points in the parallel code impose a penalty that may not
be amortized having into account such short computing times.

Fig. 4 shows the time required by the algorithms when they are run in Ma-
chine 1 (top) and Machine 2 (bottom). Starting with the former, we can observe
that the sequential MOEA /D needs 4.247 secs, while the 4.396 secs of My im-
plies that there is an overhead of about 0.150 secs to run the same algorithm
with one thread. The performance of the MOEA/D is improved when using
pMOEA /D with two and four threads, and there are not any benefits of using
eight or more threads. It is also worth noting that configuring pMOEA /D up to
32 threads only introduce an overhead of a few hundreds of milliseconds, which
can be considered as acceptable.

Paying attention to the running times in Machine 2, we see that MOEA /D
needs 9.015 secs, and pMOEA /D configured with only one thread requires 9.918
secs; hence, the penalty imposed by using one thread is about one sec. In this
machine, only My improves the performance of the sequential version: 8.869 secs
vs 9.015. Furthermore, the overhead of using four or more threads is about 33%
of the time of running the sequential version.

The poor speed-ups achieved in both machines were expected, as commented
before, due to the short computing time of the algorithms, which is directly
related to the low cost of evaluating the functions of the problem. We have
to think, however, that parallelizing an algorithm which is executed in a few
seconds usually does not make much sense in practice. To draw a more reasonable
scenario, we have modified problem LZ09_F1 including a useless loop with the
purpose of increasing the time needed to evaluate it.

After a number of preliminary experiments, we have configured the loop in
such a way that the time to run MOEA/D in both computers is about 1,000
secs. This is a more realistic situation, where the time reductions of using the
target multi-core CPUs could be tangible. Next, we analyze the speed-up and
efficiency of the algorithms in the two machines in this context.

Fig. 5 shows the speed-up (left) and the efficiency (right) of the algorithms
when they are running in Machine 1. Now, the speed-up yields more interesting
figures: 1.84, 2.88, and 5.36 with two, four, and eight threads, respectively. At-
tending to the efficiency, it is higher than 65% in the worst cases. The speed-up
and efficiency in Machine 2 are show in Fig. 6; here, both performance metrics
are better than in Machine 1 due to that we obtain a quasi-linear speed-up:
1.99, 3.98, and 7.74 with 2, 4, and 8 threads respectively. As a consequence, the
efficiency presents a shape practically constant and close to the 100%.

These results indicate that the speed-ups that can be achieved with the
proposed parallel scheme are related to the target hardware. This can be due to
that the eight processing units of the i7 CPU are not full cores, as it happens
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Fig. 5. Machine 1. Speed-ups and efficiency of MOEA /D (Mseq) and pMOEA /D (M,)
when solving a modified version of problem LZ09_F1 to increase its evaluation time.
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Fig. 6. Machine 2. Speed-ups and efficiency of MOEA /D (Mseq) and pMOEA /D (M,)
when solving a modified version of problem LZ09_F1 to increase its evaluation time.
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with the Xeon processors, leading to an unbalance in the execution of the threads
of parallel algorithm.

6 Conclusions and Further Work

In this paper we have designed a parallel version of MOEA /D for multi-core
processors and we have studied its performance by using 1, 2, 4, 8, 16, and 32
threads. Particularly, we have paid attention not only to benefits in the speed-up
but also to differences in the search capabilities of the algorithms.

To come with these issues, we have used two computers having different
multi-core processors and we have considered two kind of experiments. The first
one was composed of nine complex problems aimed at evaluating the behaviour
of the algorithms. The obtained results in this experiment have pointed out that
there are not significant differences between the fronts computed by MOEA /D
and pMOEA /D regarding to the I} + quality indicator in most of the evaluated
problems when using up to eight threads. Furthermore, in some cases, we have
observed that by using eight threads it is possible to outperform the results
obtained by using a lower number of them.

The second experiment was intended to evaluate the parallel performance of
pMOEA/D. In this case, we have seen that, depending on the architecture where
the experiments are running in, it is possible to obtain quasi-lineal speed-ups,
and consequently efficiency values close to 100%.

Future work will verify those facts by executing a larger number of exper-
iments and by applying the parallel MOEA/D to real world problems. Other
parallel schemes are also matter of future work, specifically, those approaches
which suit well in grid environments.
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